Localisation in wireless sensor networks for disaster recovery and rescuing in built environments by Gu, Shuang
    
 
  
 
Title Localisation in wireless sensor networks for 
disaster recovery and rescuing in built 
environments 
Name Shuang Gu 
 
 
 
 
 
 
This is a digitised version of a dissertation submitted to the University of 
Bedfordshire.  
It is available to view only.  
This item is subject to copyright. 
 
 
 
 
 
 
 
 
  
 
Localisation in Wireless Sensor Networks for Disaster 
Recovery and Rescuing in Built Environments 
 
 
 
 
Shuang Gu  
Ph.D 
 
 
 
 
 
 
2014 
UNIVERSITY OF BEDFORDSHIRE 
  
 
Localisation in Wireless Sensor Networks for Disaster Recovery and 
Rescuing in Built Environments 
 
 
 
 
by 
 
Shuang Gu 
 
 
 
 
A thesis submitted to the University of Bedfordshire in partial fulfilment of 
the requirements for the degree of Doctor of Philosophy  
 
 
 
 
 
 
 
May 2014 
I 
 
ABSTRACT 
 
Progress in micro-electromechanical systems (MEMS) and radio frequency (RF) technology 
has fostered the development of wireless sensor networks (WSNs). Different from traditional 
networks, WSNs are data-centric, self-configuring and self-healing. Although WSNs have 
been successfully applied in built environments (e.g. security and services in smart homes), 
their applications and benefits have not been fully explored in areas such as disaster 
recovery and rescuing. There are issues related to self-localisation as well as practical 
constraints to be taken into account. 
 
The current state-of-the art communication technologies used in disaster scenarios are 
challenged by various limitations (e.g. the uncertainty of RSS). Localisation in WSNs (location 
sensing) is a challenging problem, especially in disaster environments and there is a need for 
technological developments in order to cater to disaster conditions. This research seeks to 
design and develop novel localisation algorithms using WSNs to overcome the limitations in 
existing techniques. A novel probabilistic fuzzy logic based range-free localisation algorithm 
(PFRL) is devised to solve localisation problems for WSNs. Simulation results show that the 
proposed algorithm performs better than other range free localisation algorithms (namely DV-
hop localisation, Centroid localisation and Amorphous localisation) in terms of localisation 
accuracy by 15-30% with various numbers of anchors and degrees of radio propagation 
irregularity. 
 
In disaster scenarios, for example, if WSNs are applied to sense fire hazards in building, 
wireless sensor nodes will be equipped on different floors. To this end, PFRL has been 
extended to solve sensor localisation problems in 3D space. Computational results show that 
the 3D localisation algorithm provides better localisation accuracy when varying the system 
parameters with different communication/deployment models. PFRL is further developed by 
applying dynamic distance measurement updates among the moving sensors in a disaster 
environment. Simulation results indicate that the new method scales very well. 
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CHAPTER 1  INTRODUCTION 
 
With the development of the technology and economy, the quantity of huge buildings, 
with more complex structure, is increasing rapidly. This brings a stricter requirement for 
the rescuing system in sudden disasters such as fire and blaster. However, the traditional 
fire-alarm system cannot meet this requirement since they need to be connected with the 
wired devices that are easily destroyed by fire. For owning many advantages such as 
independence on infrastructure, distributed database and high reliability, Wireless Sensor 
Networks (WSNs) can provide a new way for disaster recovery and rescuing in built 
environments. On the other hand, this special application background can provide a huge 
researching space for WSNs. Based on some concrete technology requirements, many 
research directions of WSNs have to make tremendous adjustment and promotion. 
Moreover, several key rescuing techniques based on WSNs, such as disaster tendency 
tracking, prediction and optimal rescuing path schedule, can also be studied detailed. 
Wireless network factors such as network interference, shadowing, fading, propagation 
path loss and multipath effects have been taken into account in WSNs. Wireless network 
can change the node location in order to adjust the variation of these influences (Mao and 
Fidan [2009]). Furthermore, recovery and rescuing in built environments after disasters 
have been given many concerns. 
A WSN consists of tens to hundreds of small independent sensor nodes within an area of 
interest. Wireless sensor nodes have ability to sense the surrounding environments, 
communicate with each other and forward information. They are placed randomly or 
evenly in the particular area. Sensor nodes are typically small size with low power battery 
and fixed with an on-board processor. Sensor nodes are made as small as possible and 
they generally do not carry a battery much larger than the node itself (Zhao and Guibas 
[2004]). Individually, these resource constrained devices appear to be of little value 
(Cayirci and Rong [2009]). However, deploying these sensors on a large scale across an 
area can be more effective. Placing the sensors in hostile or inaccessible regions may 
allow for data collection which was previously impossible. 
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Figure 1.1 Wireless sensor network architecture 
In Figure 1.1, a number of sensor nodes are densely placed in the sensor field and 
rapidly form a self-organised wireless network. Sensor nodes can monitor and sense the 
surrounding environment such as temperature, humidity and sound by sensing device. 
Sensor node forwarded the collected data to the neighbour nodes within the sensing 
range and use multi-hop routing to access the non-neighbour node. For example, sensor 
node A disseminates the collected data through a multi-hop network          
   to reach a sink node. Sink nodes are special sensor nodes which can gather all the 
information from sensor field and communicate with the base station by internet, satellite, 
mobile network or other communications. The user can make configuration, publish the 
monitoring missions and collect the data through the management node. There are two 
types of sensor nodes: anchor nodes and unknown target nodes. In the figure, black dots 
represent the anchor nodes and the white dots represent the unknown target nodes. 
WSNs have been widely used in different applications such as emergence rescue, smart 
home, patient monitoring, industry and military. WSN requirements include scalability, 
network self-organisation, localisation and target tracking. Manual configuration is 
feasible in the small WSNs. The location of each sensor is predetermined before 
deployment. Sensors are installed to the assigned locations by human (Li [2008]). When 
the number of sensors is large or the environment cannot be accessible, manual 
configuration cannot be used. Furthermore, the sensor nodes could lose their function 
due to the lack of power or the practical interruption. Therefore, the sensor network could 
be designed continually re-configuring and re-healing in order to keep the network 
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working. In particular, when some failure sensor nodes cannot connect to the network, 
the remaining sensor nodes in the WSNs can maintain function with a high degree of 
connectivity or the new sensor nodes need to be added to the WSNs (Elahi and 
Gschwender [2009]). 
WSNs applications are usually associated with sensor node localisation information from 
real-world environment (Krishnamachari [2001]). Many WSNs applications are location 
critical, for example, target detection and target tracking that all require the knowledge of 
sensor node locations (Chang et al. [2008]). Different from the traditional position 
systems, localisation algorithms are the effective way to compute the target unknown 
node for the low cost, low power WSNs. Disaster scenarios in WSNs applications are 
location critical. In disaster environments, it is important for the rescuers to obtain the 
exact location of the victim so that they can execute the efficient operations. The 
localisation information obtained from the area of WSNs in disaster environment is 
useless when it has low localisation accuracy. In addition, in a disaster recovery and 
rescuing system, some WSNs techniques and services such as routing techniques and 
target tracking depend on the localisation accuracy. Moreover, localisation provides a 
new type of routing service known as geographic routing protocol which helps to reduce 
the routing overhead in a wireless network. Other network protocols are also improved as 
the reduced number of control packets. The geographical routing protocol develops the 
sensor network performance such as network scalability and the localisation 
determination for the multi-hop communication in WSNs (Quert et al. [2009]). These 
demands and constraints motivate the developing of the effective and accurate 
localisation algorithms for LWSNs in real-world applications. 
The problem of localisation has attracted great attention recently because in location 
critical applications in WSNs, how to obtain the location of objected or persons became 
the priority operation to execute. Therefore, a range of localisation techniques have been 
developed. Global Positioning System (GPS) technique is a traditional location system 
which is in use today (Hac [2003]). GPS based system uses the satellite timing and 
ranging to localise the user with a high accuracy, real-time, and anti-jamming ability etc. 
However, the GPS based localisation algorithm is not feasible for low power, low cost 
WSNs. Generally, GPS based navigation system is very expensive and need additional 
equipment. Meanwhile, the robotic localisation algorithms are not applicable for WSNs 
because much processing power and energy is required. The aim is to devise the 
effective localisation algorithms to provide the best way so that all sensor nodes can 
determine their own location using available information in WSNs. Researchers 
(Akyildizard and Varan [2010]) developed localisation algorithms in order to improve the 
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traditional localisation system, which does not require each sensor nodes with GPS 
incorporated. In addition, the scope of the localisation issues studies is extended to the 
scalability of the sensor networks. That is a large number of sensor nodes randomly 
deployed along with certain percentage of sensor nodes aware of their physical 
coordinates (e.g. anchor nodes). There are some challenges in the existing localisation 
algorithms, for example, low accurate of range-free localisations, real-world environments 
requirements and constraints (Karl and Willig [2005]). Moreover, in order to meet the 
different requirements for WSNs applications in terms of sensor network scalability, 
network robust, localisation accuracy and localisation efficiency, the design of localisation 
algorithms need to address the unique challenges in WSNs. 
In order to achieve the aim to localising the sensor nodes in WSNs, the range-free based 
distributed localisation algorithms should be firstly considered. Secondly, the localisation 
algorithms should be robust to the large scale for real-world environments and minimise 
the localisation error, measurement ranging errors. Thirdly, dynamic localisation 
algorithms should be taken into account in order to adjust the sensor network connectivity 
and coverage. 
To find the position of an object or a device (unknown node), the basic step is to use 
reference nodes (also called anchor nodes/beacon nodes) whose locations are known. 
The unknown node determines the distance, angle, or both, between itself and the 
anchor nodes. In 2D space, if an unknown node knows its distance from three anchor 
nodes, it can calculate its location. In 3D space, at least four anchor nodes are needed. 
On the other hand, if an unknown node knows both its distance and the angle (or the 
vector in 3D space) between it and an anchor node, then it can easily calculate its 
location. The sensor network topology would be varying over the time when the sensor 
nodes are moving. Additional mobile algorithms will be installed in the moving sensor 
nodes. 
The contributions of the thesis are summarised: 1) A probabilistic fuzzy logic based 
range-free localisation algorithm (PFRL) is proposed with probabilistic fuzzy rules setting 
that simulate the disaster environment. The PFRL has been extended to 3D WSNs and 
MWSNs. 2) Probabilistic fuzzy rules are used to convert RSS measurements to the 
weights for target sensor nodes localisation in order to improve the robustness and 
accuracy of the localisation algorithms. 3) Extensive simulations have been done by 
comparing the proposed localisation algorithm with the existing classical range-free 
localisation algorithms. 4) The evaluations with more general radio models simulating 
disaster environments are studied for the range-free localisation algorithms evaluation. 
5 
 
Deployment topology models are also analysed for simulating disaster environments. 
1.1 Background and Motivations 
Progress in micro-electromechanical systems (MEMS) and radio frequency (RF) 
technology has fostered in the development of WSNs. Different from traditional networks, 
WSNs are data-centric, self-configuring and self-healing. Although WSNs have been 
successfully applied in built environments, e.g. security and services in smart homes (Jia 
et al. [2007], Zhang et al. [2007]), their applications and benefits have not been fully 
explored in the areas of disaster recovery and rescuing. Werner-Allen [2006] designed a 
WSN for volcano applications and proposed an algorithm based on high data rages and 
data fidelity. The process of volcanic data collection depends on the triggered event 
detection and data retrieval and has got high data quality within the bandwidth demands. 
Cayirci and Coplu [2007] designed a WSNs architecture for disaster applications namely 
SENDROM (sensor networks for disaster relief operations) in order to execute the rescue 
operations after large scale disasters. Using WSNs techniques, SENDROM could detect 
and track the victims and immediately sent their status to the central base station. 
SENDROM is comprised of the prior deployed sensor nodes in the disaster environments 
and the central node (sink nodes) which is responsible for gathering the information from 
the sensor field. The sink nodes are saved in the emergency operation centres (EOCs) 
before a disaster event.  
Researchers are seeking to meet the requirements of localisation techniques and develop 
novel localisation algorithms to derive the positions of target objects. The problems of 
localisation and location sensing have been addressed in recent years. The existing 
localisation algorithms have solved the localisation problems in different aspects, e.g. the 
power constraints of sensor nodes, the additional infrastructure requirements. However, 
there are still problems, for example, how to accurately obtain the position of unknown 
target nodes in an efficient method. As one of the key enabling technologies and 
research hotspots, node localisation is very important due to its direct correlation with 
theory and practical applications. 
GPS provides an immediate solution to the problem of localising a node in outdoor 
scenarios (Capezio [2005]). For the following reasons, GPS is not suitable for WSNs and 
much work has been dedicated recently to positioning in the area of WSNs: 
 GPS is typically the most expensive and sophisticated positioning system. Sensor 
devices using it are costly. 
6 
 
 GPS is limited to outdoor localisation because GPS is not applicable of non-line 
of sight positioning system. 
 Due to the transmission delay of satellite, GPS has low localisation accuracy and 
may not have better results for tracking moving sensors in real-time. 
 Since sensor nodes in WSNs are with limited power and capacity, GPS cannot 
apply to the self-organising network with a low cost. 
The existing proposed GPS free localisation algorithms are limited to the small size 
WSNs. The goal of this research is to devise localisation algorithms which are suitable to 
the large size sensor networks with high localisation accuracy for disaster applications. 
Localisation algorithms can be divided into two categories: range-based and range-free 
localisation algorithms. There are many ranging methods for localisation. They involve 
TOA (Time of arrival), TDOA (Time difference of arrival), AOA (Angle or arrival) and RSS 
(Received signal strength) (Yu et al. [2009]). The basic localisation algorithm to estimate 
the location of unknown sensor nodes is through the angle or distance measurements 
obtained by the neighbour sensor nodes or anchor nodes. One of the mathematical 
problems is to avoid the accumulated distance calculation error, which will result in the 
constrained optimisation problems. Additionally, the locations of the sensor nodes 
deployed in a large sensor network would be determined efficiently and accurately. 
1.2 Aim and Objectives 
This research aims to investigate current work and technologies of LWSNs and develops 
novel WSN technologies for application in disaster recovery and rescuing in built 
environments. Specific objective of the research are 
 To conduct a comprehensive review of literature and existing research of WSNs 
WSNs are considered as a frontier research field that is formed by a high degree of multi-
disciplinary integration. So there is much existing research of WSNs. To apply WSNs to 
disaster recovery and rescuing in built environments, the principle and basic research 
contents of WSNs are analysed and summarised. The communication protocols, location 
and tracking self-organisation, all of these research areas are related with the application 
background, so the connotations of them are studied. 
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 To study scenarios of disasters and their recovery and rescue requirements in 
built environments 
WSNs are introduced into disaster recovery and rescuing in built environments, a 
rescuing system should be combined with WSNs and the fire-alarm traditional system. 
Furthermore, the functions of system are exploited to locate the person, predict the 
disaster trend, schedule optimal trace and so on. This brings the system good scalability 
to adapt different requirements. At the same time, a portable information terminal for 
disaster rescuing based on WSNs can be developed. It may acquire real-time information 
from the rescuing network and implement an efficient interaction with multimedia 
messages between the rescuing personal and control centre. Thus, the rescuing personal 
is able to build a fluent communication with their commander. This is helpful to improve 
the rescuing efficiency. 
 To develop necessary techniques and technologies for WSNs applications in 
disaster recovery and rescue in built environments. 
How to obtain the exact location of the trapped person in the disaster environment is the 
key issue of disaster recovery and rescuing in built environments. For solving this 
problem, a probabilistic fuzzy logic based localisation in WSNs is proposed. The relation 
between RSS and the distance of sensor nodes is often non-linear and hard to represent 
by mathematical equations. Fuzzy logic is a natural way to model these non-linear 
relations and to conduct logical reasoning. Thus a fuzzy logic based localisation algorithm 
is developed. The uncertainties in determining the distance between sensor nodes are 
modelled by a probabilistic fuzzy rule base. This algorithm is also extended to 3D spaces.  
 To carry out simulation / experiment work for a WSN system for disaster recovery 
and rescue in built environments 
Combining with the characteristics of disasters in built environments, the simulations of 
WSNs, which can inspect the network connectivity rate, coverage, network protocol 
layers, the level of network coordination and cooperation, data accuracy, timeliness of 
self-organisation, target tracking accuracy and the important indicators, are designed. 
The results of simulations are analysed to verify the efficiency and availability of the 
network techniques. 
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1.3 Problem Definition 
Localisation algorithms are used to compute the positions of the unknown target sensor 
nodes by the anchor nodes with prior knowledge of physical coordinates. The traditional 
GPS based localisation techniques are limited to the obstacle free environments. The 
sensor network localisation techniques are not simple improvement to the traditional 
navigation system. The followings are the localisation problems in disaster environments 
concerned in this thesis: 
(1) When sensor nodes are deployed in disaster environments, the characteristics of 
the environments are involved such as the uncertainty and dynamic conditions 
and complex environments; 
(2) Ranging measurements (e.g. RSS) could be used in sensor network localisation 
affected by the environments; 
(3) Localisation algorithms are designed to be flexible to the large scale WSNs in 
disaster environments; 
(4) Localisation algorithms are studied based on the different system parameters 
such as the number of anchor nodes, different node deployment models, etc. The 
localisation efficiency, localisation accuracy and sensor network size are also 
taken into considerate to meet the requirement of the disaster applications. 
1.4 Research Methodology 
In order to solve the problems in LWSNs, various localisation algorithms will be studied 
including range-based localisation algorithms/range-free localisation algorithms, static 
localisation algorithms/mobile localisation algorithms, centroid localisation 
algorithms/distributed localisation algorithms, etc. The good strengths and shortcomings 
of different types of localisation algorithms will be discussed. This research will first focus 
on the range-free localisation algorithms, for example, DV-hop localisation algorithm, 
Centroid localisation algorithm, Amorphous localisation algorithm. 
The static localisation algorithms and mobile localisation algorithms will be studied next. 
Different dynamic models will be provided in order to well represent the real-world 
disaster environments. The configuration of the sensor networks will also need to be done. 
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The extensive evaluations and simulations of the proposed localisation algorithms will be 
done on different system parameters in terms of localisation accuracy. The comparisons 
with the existing localisation algorithms will be also done in terms of localisation accuracy. 
The discussion and analyses of the simulation results will be provided. 
1.5 Thesis Organisation 
The thesis is organised as follows. The concept of sensor localisation and current 
technologies in WSNs are described in Chapter 1. Chapter 2 presents a literature review 
that explains the relation of the research with the extensive and significant literature and 
recent/current research on localisation problems and their applications in disaster 
environments. Fundamental concepts and techniques of localisation are also reviewed 
Chapter 3 is devoted to in-detail radio and topologies modelling for localisation algorithms 
in disaster scenarios. The sensor network characteristic in disaster environments and 
evaluation metrics for simulations are described in this chapter. Chapter 4 outlines the 
proposed localisation algorithm that can be applied in solving the localisation problems 
and simulation results are shown. In Chapter 5, the proposed algorithm is extended to 
solve sensor localisations in 3D space. In Chapter 6, the proposed localisation algorithm 
is extended to dynamic version for calculating mobile sensor nodes position in realistic 
applications. Computational results for the algorithm are presented, along with a disaster 
environment. Chapter 7 summarise this thesis by concluding the important results, 
contributions, innovations, limitations and future work of the proposed localisation 
algorithms. 
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CHAPTER 2  LITERATURE REVIEW 
 
2.1 Introduction 
In LWSNs, the sensor nodes information related to the accurate location is useful. For 
example, in disaster environments, it is vital information for the rescuers to know the 
exact location of the victims in order to improve the efficiency of the execution operations. 
Self-localisation is also necessary when manual configurations of node deployment may 
be not possible in disaster networks. 
To solve location problems, a wide variety of location systems and techniques have been 
developed. This chapter presents the basic location sensing techniques and a survey of 
the localisation algorithms. The classifications of localisation algorithms provide the 
overview of WSNs. 
2.2 Localisation and Location Sensing 
Localisation sensing involves three basic techniques: Triangulaton, multilateration and 
proximity. Triangulation uses geometric properties of triangles to calculate node locations. 
Triangulation can be classified into lateration and angulation. For lateration technique 
used in 2D environments, distances of three anchor nodes are required. For angulation 
technique, two angle measurements and a distance of three anchors are required. 
Multilateration technique use measured and estimated distance to calculate the maximum 
likelihood (ML) estimation of node positions. The node position will have the minimum 
least square estimation error which is described as the difference between the actual 
distance and estimated distances. In the case where no range information is available, 
the proximity technique is used. It can determine whether or not a node is in range or 
near to an anchor node. A node in proximity to an anchor node is able to receive at least 
certain value of signal from the anchor node. A threshold is often defined to determine 
whether a node receives enough signals from an anchor node in a period. 
When the exact distances between anchor nodes and a target unknown sensor node to 
be located are available, trilateration technique is often used. For example, when the 
distances between a target node and three anchor nodes are given, the target node‟s 
location   (as illustrated in Figure 2.1) can be calculated as the intersection of three 
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circles centred (with radius           ) at the anchor nodes           . 
 
Figure 2.1 Trilateration 
 
Figure 2.2 Intersection area 
It is better condition when the three circles intersect at exactly the same point in the 
trilateration method. However, the three circles could not intersect at a single point in the 
real world application. This usually forms intersection area by the three circles. Therefore, 
the target sensor nodes will place in the intersection area which is shown in Figure 2.2. 
Bounded intersection technique is employed to calculate the area of intersection for 
ranging estimates. In addition, maximum likelihood (ML) method (Sheng and Hu [2005]) 
is used to minimise the calculated error between the measured distances and estimated 
distances in the localisation process. 
The triangulation method is often used when the measured angle between two sensor 
nodes is available, which is illustrated in Figure 2.3. In the diagram,    and    are two 
anchor nodes with known location.   is a target node to be located.    and    can be 
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measured by    and   . When    is known,   ,    and    can be calculated. 
 
Figure 2.3 Triangulation 
 
Figure 2.4 Maximum likelihood 
In Figure 2.4, distance estimates           are calculated between the target sensor 
node and three anchor nodes           . The errors            are calculated by the 
distance differences between the actual distances from anchor nodes to the target sensor 
nodes to the calculation distance measured using ranging techniques (Mao and Fidan 
[2009]). 
2.2.1 Stages of localisation 
In a WSN some ordinary sensor nodes may have multiple neighbouring anchor nodes. 
Other sensor nodes may not have any neighbouring anchors at all depending on anchor 
density. When sensor node localisation is performed in a large scale WSNs with the 
sensor node randomly distributed the sensor nodes which have large amount number of 
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neighbouring anchor nodes should be localised first. As a two-stage localisation algorithm 
is considered, the localisation accuracy calculated from the first stage localisation will 
have effects on the localisation accuracy at the second stage localisation. Therefore, it is 
important to receive the accurate initial location of sensor nodes. 
The target sensor nodes which have three or more neighbouring anchor nodes will be 
localised in the first step. The key to localise these sensor nodes is to use the position 
information of the anchor nodes as accurate as possible. The localised sensor nodes 
could be regarded as anchor nodes in order to localise the other target sensor nodes 
which do not have enough neighbouring anchor nodes. Then, the target sensor nodes 
which have three or more neighbouring anchor nodes will be localised. This method is to 
localise more unknown nodes using the neighbouring anchor nodes and localised sensor 
nodes. The target sensor nodes which have one neighbouring anchor node and two or 
more localised neighbouring anchor nodes are localised in the next step. Finally, when 
the target sensor node does not have neighbouring anchor nodes which also indicate the 
target sensor node is not within the communication radio range of the neighbouring 
anchor nodes, the target sensor node will use the position information from three or more 
localised neighbouring sensor nodes to compute its location (Yu et al. [2009]). 
This is an iterative process. After a sensor node is localised, it transmits its own position 
information and all neighbouring sensor nodes receive the position details which is then 
exploited for localising neighbouring nodes when needed. In order to make the 
localisation estimate accurately to decrease the transmission accumulated errors, every 
three sensor nodes could be judged whether they are placed in a line and could be 
formed a solid triangle at first. Therefore, the localisation problems could be transformed 
into the triangle problems. Similarly, a solid triangle could be used to describe the 
conditions which the shortest edge and the smallest angle need to be satisfied. The 
triangulation ranging method is then applied to determine the unknown parameters in the 
three independent equations. 
After the first stage is complete, all target nodes should have their estimated locations. In 
some extreme circumstances, a few nodes may not be localised as they do not have at 
least three localised neighbouring nodes or neighbouring anchors. Also they should have 
the estimated locations of their localised neighbouring nodes or their neighbouring anchor 
nodes. At the second stage, the estimated node locations are refined by applying the 
location of all neighbouring anchor nodes and localised sensor nodes. This non-iterative 
least-square algorithm is applied to obtain more accurate localisation estimation during 
the refinement stage. 
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2.2.2 Communication transmission 
Since these ranging techniques rely on signal propagation characteristics, the results can 
be affected by wireless network factors such as multiuser, power expended, multi path 
fading and the environments changes. The characteristics of the communication radio 
range could be varying in the surrounding environments. These variations are hardly 
predicted and result in inaccurate localisation in multilateration and iterative 
multilateration approaches. 
Acoustic emission (AE) is the sound waves produced when a material undergoes stress 
(internal change), as a result of an external force. AE is a phenomenon occurring in for 
instance mechanical loading generating sources of elastic waves. This occurrence is the 
result of a small surface displacement of a material produced due to stress waves 
generated when the energy in a material or on its surface is released rapidly. AE array 
processing is based on a modified velocity spectral (VESP) process. A traditional acoustic 
emission signal base technique such as TDOA does not need the determination of any P 
wave arrival times. Therefore, it does not require the detection of a P wave. P wave is a 
seismic wave in seismology which is a type of elastic wave. It can travel through a 
continuum which is made up of gases (as sound waves), liquids, or solids. P wave can be 
produced by earthquakes and recorded by seismographs. A conventional AE setup 
consists of many sensors distributed around potential source location (at least 8 sensors 
initialised). TDOA techniques use complicated analysis routines for hypocentre 
localisation, it relies on accurate arrival time detection algorithms. 
To apply acoustic methods, ultra wide bound (UWB) transceivers are used as they can 
provide highly accurate positioning. On the other hand, narrow band transceivers have 
the potentially to reduce energy consumption. To obtain a high enough positioning 
accuracy with low energy consumption. RF based localisation techniques rely on RF 
channel from which the multi-path fading, interference, reflection and shadowing effects 
can greatly lower the accuracy of location estimates. 
2.3 Localisation Algorithm Classifications 
To simplify the task of computing the locations to the sensor nodes, a number of nodes 
with unknown position are referred to anchor nodes (or beacon nodes, reference nodes, 
seed nodes). The position information of the sensor nodes can be obtained through 
additional hardware such as GPS. Many localisation algorithms follow a three-phase 
approach to calculate the node positions consisting of 1) determining the distances 
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between nodes and anchors, 2) calculating the position of the nodes and 3) refining the 
positions using information from neighbouring nodes. There are several methods to 
determine the position of a node from the distances between nodes and anchors, for 
example, Trilateration, multilateration and MDS. 
In the recent years, many localisation algorithms have been put forward. Localisation 
algorithms can be broadly classified into range-free localisation and range-based 
localisation algorithms. 
2.3.1 Range-based versus range-free localisation 
Localisation algorithms can be typically divided into range-based and range-free 
algorithms. In range-based algorithms, the location of sensor nodes is determined by the 
ranging measurements such as the distance or angle estimates between the anchor 
nodes and the target sensor nodes. This process often requires additional hardware. 
There are a number of techniques to measure the distances between nodes. Such 
ranging measurement estimation may be required using different methods such as RSSI, 
TOA, TDOA, AOA (Yu et al. [2009]). 
In range based algorithms fine grained information such as the distance between node 
pairs is exploited to compute the node locations. This distance information is obtained 
from, timing information, or the signal propagation time or TOF of the communication 
signal is used to measure distance between sensor nodes and the anchor node. TDOA 
(Lee et al. [2011]) used to calculate the distance between two nodes RSS information 
infers the distance between the sensor nodes and the anchor nodes from the fact that 
attenuation of the radio signal increases as the distance between the receiver and 
transmitter increases. DOA (Yu et al. [2009]) methods use the angle at which signals are 
received at the anchor nodes in some reference frame. Then position of the nodes can be 
calculated by the triangulation technique. 
RSSI is one of the few ranging techniques that do not require additional hardware. Many 
radio chips can measure the RSSI of a message. By applying a radio signal propagation 
model, one can calculate the distance from the RSS. RSSI however is not very suitable 
for indoor localisation because it is difficult to construct a robust propagation model due to 
multipath, fading and shadowing effects typical for indoor environments. Time of Flight 
(ToF) measures the time spent for transferring a radio signal from one node to another. 
The distance among sensor nodes and anchor nodes calculated from the times sent 
multiplied with speed of light. However, the timers equipped on sensor nodes are often 
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not accurate enough for calculating the distance based on the light speed. This problem 
can be partially tackled by using ultrasound instead of radio signal since ultrasound 
travels at much lower speed. Ultrasound requires additional equipment on sensor nodes 
and it has a limited range ToF requires that the clocks on the nodes are synchronised. 
TDOA (Yu et al. [2009]) is based on the fact that signals with significant different 
frequencies travel at different speeds. By measuring the difference in arrival time, the 
distance between two nodes can be determined in a fairly precise manner. This method is 
often applied with ultrasound and radio signal. TDOA don not have the problem of clock 
synchronisation in ToF. 
Range free localisation algorithms localise unknown sensor nodes using the radio range 
connectivity information between the connected sensor nodes or comparing RSS 
measurements supplied from anchor nodes or neighbouring sensor nodes. Therefore, the 
locations of sensor nodes are not determined by the time, angle or power information. 
Range free localisation algorithms are substantially determined by the anchor nodes 
information (e.g. the amount of anchor nodes). 
REMA (Ranging using environment and mobility adaptive) is proposed by Kwon et al. 
[2009] for emergency response system at the disaster site. They used the REMA filter to 
estimate the distance between the anchor nodes and the target sensor node. 
Maheshwari and Kemp [2009] developed a localisation method so that the processing 
overhead of optimal multi-lateration could be reduced and expect localisation accuracy 
could be achieved. They compared and tested three localisation algorithms in terms of 
localisation accuracy: optimal multi-lateration (OML); sub-optimal blind trilateration (SBT) 
and modified sub-optimal blind trilateration (MSBT). In addition, minimum available 
number of anchor nodes is roughly chosen in SBT. The number of anchor nodes is 
determined using geometric dilution of precision (GDOP) in MSBT. However, these 
lateration based localisation algorithms are based on the pre-defined number of anchor 
nodes/ location aware sensor nodes and have low localisation accuracy. 
RSS is a simple ranging method; however, in real situation a RSS is affected by some 
errors which are caused by multi-path channel and dynamic environment. Kiran et al 
[2005] proposed an echolocation approach based on the sequence-based RF localisation 
algorithm. Echolocation approach localises the unknown nodes using ordered sequence 
of RSS calculations from anchor nodes. They exploit a constraint-based approach in 
order to provide stable localisation decoding when in the interference environment. The 
anchor nodes are ranked on one-way RSS calculation to the unknown target nodes. 
Ideally or not the results show that their proposed localisation algorithm is not sensitive to 
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the amplitudes value of the absolute RSS and could get benefits from the constraints set 
by the redundancy. 
Range-based localisation methods have the advantage of fine resolution. However, extra 
hardware and additional energy consumption restricted the application of range-based 
methods. On the contrary, range-free methods have some advanced characteristics, such 
as low cost, small communication traffic, no extra hardware and flexible localisation 
precision. Typical range-free algorithms include DV-hop (Wang et al. [2010]; Li et al. 
[2009]), Amorphous, APIT, MDS-MAP, SDP (Biswas and Ye [2004]), SA (Kannan et al. 
[2006]). 
Range-free localisation is used to determine the distance between nodes based on 
network connectivity. Centroid (Chen et al. [2008]), as an example, determines the 
location of a sensor node as the centre of gravity (CoG) of all the anchor nodes that it can 
receive signal from. Proximity-based localisation methods are often used in situations 
where sensor nodes have limited capability of computation. The accuracy of this 
approach is not very high, particularly when the number of the nearby anchor nodes is 
low, or when the anchor nodes are unevenly deployed for the nodes that are located at 
the edge of the deployment area. The APIT method (He et al. [2003]) divided the area of 
interest into some triangular regions upon the location of the anchor nodes. A grid 
algorithm is used to localise the unknown target node by judging which the triangular 
regions the unknown target node is possibility belong to. APIT assumes the anchor nodes 
have a high radio connectivity range. Therefore, it requires a high anchor node density. 
The Amorphous localisation algorithm uses the similar approach as APIT. The position 
information of anchor nodes is broadcasted throughout the whole sensor network in order 
that each sensor node could obtain the hop count information from the anchor node. 
Then the sensor nodes can compute their location using the coordinate of anchor nodes 
and the corresponding number of hop count. 
For example, He et al. [2003] described a range free algorithm to make the scheme more 
cost effective than range based approaches. The sensor node is tested whether it is 
inside the triangle region or outside the triangles made by three neighbouring anchor 
nodes. The sensor node also considers the combination of the intersection region 
occurred by the anchor node communication range. The more accurate area where the 
unknown node located is the circular area centred at the anchor node‟s location of which 
the diameter is the communication radio range. Shang et al. [2003] present an MDS-MAP 
algorithm that uses a pairwise shortest-paths method to give the distance estimates 
between anchor nodes and unknown sensor nodes. Then MDS-MAP localisation 
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algorithm is used to localise the position of unknown sensor nodes. Finally, the obtained 
positions of unknown sensor nodes are refined / normalised considering the coordinates 
of anchor nodes. Xiao et al. [2007] proposed a RSS based distributed range-free 
localisation which the possible position of unknown nodes could be reduced down 
utilising the initial position and final position formed constraint area causing by the moving 
anchor node. Simic and Sastry [2002] present a collaborative multilateration approach 
which the unknown sensor nodes can localise their position using the number of hops 
and distance measurements to the neighbouring anchor nodes. 
2.3.2 Centralised versus distributed localisation 
Based on the individual inter-node data processing methods, localisation algorithms can 
be broadly classified into two categories: centralised and distributed localisation 
algorithms. Centralised localisation algorithms forward all the node measuring quantities 
to a central base station where the final calculation or processing is carried out to derive 
either absolute or relative positions of the nodes, e.g. MDS, LP and stochastic 
optimisation localisation algorithm. In the centralised localisation algorithms, all the 
measured range information is propagated to the central base station. The base station 
deals with the computation and forwards the results back to the sensor nodes. 
SDP (Biswas and Ye [2004]) is basically an extension of linear programming (LP). It uses 
connectivity constraints based convex optimisation algorithm to estimate the position of 
unknown sensor nodes. Multidimensional scaling (MDS) (Dou et al. [2010]) is a data 
analysis technique from mathematical psychometrics and psychophysics, which 
determines the placement of nodes given only the pairwise distances between the nodes. 
MDS obtains node location information by using a technique from data analysis in 
statistics called multidimensional scaling and transforming the node related information 
into the space coordinates. 
The centralised localisation algorithms have the disadvantages of long range 
communication costs and low battery. Therefore, it is necessary to design the 
decentralised/distributed localisation algorithms for WSNs (Patel et al. [2008]). Instead of 
passing all data from the sensor field to the central base station (or passing all data from 
normal sensor nodes to the sink sensor node) in a centralised way, the process of 
relaying the sensor nodes position information is in a distributed way. On the other hand, 
in distributed localisation algorithms every node is responsible for performing 
computations to derive its position. For example, the computational clusters could be 
formed based on the distances among anchor nodes and sensor nodes. The output of 
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the distribution computations is saved in memory and can be used for relaying to a 
central unit. Robust to sensor node failures is also a factor that needs to be considered in 
distributed localisation algorithms other than centralised localisation algorithms. Wang et 
al. [2010] studied two different background noises and distribution methods that can be 
used for plume source localisation using the classical model of the plume dispersion and 
simplification of the Gaussian dispersion model. However, they need to evaluate the 
plume dispersion models, both static and dynamic in the real world because of the 
turbulence and various environmental factors. Furthermore, the network lifetime is a big 
problem limiting the application of the WSNs and field experiments are necessary for 
testing the proposed algorithms. Locally centralised (localised) algorithms belong to 
distributed localisation algorithms which can achieve better inter neighbouring sensor 
nodes communication. 
2.3.3 Indoor versus outdoor localisation 
Indoor localisation problems (Klingbeil et al. [2008], Rahman [2012]) involve more 
challenges than outdoor localisation issues due to GPS are not applicable in the building 
or close to the buildings. Because of the large amount of signal interference, signal 
shadowing and signal reflection within the building. Therefore, it is difficult to calculate the 
length of the propagation signal by RF. On the other hand, the measurement noises and 
estimated errors of WSNs based systems have unique features to the traditional 
navigation system which is line-of-sight based system. Additionally, because WSNs use 
wireless communication signal, it is more robust in the obstacles environment than the 
traditional navigation systems. Therefore, the workload is considerably reduced in 
compare with traditional navigation systems. However, the performances of indoor 
localisation with WSNs rely on the surrounding environment. Even though WSN, there 
are some limitations in the indoor localisation algorithm compared to the outdoor 
localisation on the node deployments. Basically, node may be placed manually or they 
may be dropped by a human-controlled or autonomous vehicle. The indoor systems are 
suitable for the small field node deployment. It becomes infeasible when the nodes are 
monitored in a large environment such as a forest. 
Ahn and Yu [2009] present a set of classifications of indoor localisation techniques in 
WSNs such as UWB, Wi-Fi, Zigbee (Sekaran et al [2008]) and CSS-based techniques. 
They generate classifications regarding the ranging measurement, localisations and 
transmission models. The advantages and disadvantages existing in these indoor 
localisation systems are shown in Table 2.1. For example, the UWB system and CSS-
based system are expensive. The UWB system needs additional complex hardware. The 
20 
 
Wi-Fi system has low localisation accuracy and is suitable for the small size WSNs. 
Table 2.1 Classifications of indoor localisation techniques 
 
 Wi-Fi ZigBee UWB CSS 
Localisation 
accuracy 
Low accuracy Low accuracy High accurate 
localisation in 
SWSNs 
High 
localisation 
accuracy. 
Cost Low cost Low cost Costly equipment Costly 
equipment. 
Limitations Radio range 
required; 
Low localisation 
speed 
Communication 
model required 
 
Complicated 
hardware; 
Limited to 
stationary objects; 
 
Relative 
localisation 
2.3.4 Anchor-based versus anchor-free localisation 
Anchor based localisation algorithms run on WSNs when a number of sensor nodes are 
anchor nodes. Anchor nodes have pre-defined localisation by GPS or manual 
configuration. Anchor nodes send out location messages to the neighbour nodes with 
unknown position. The existing anchor based localisation algorithms aim to localise the 
position as many as possible based on the information of anchor nodes. GPS based 
anchor nodes typically can produce an absolute coordinate system such as latitude, 
longitude and altitude. On the other hand, the position of the target sensor nodes can be 
greatly influenced by the number of anchor nodes and the placement of anchor nodes in 
WSNs. Anchor-free algorithms (Sau and Mukhopadhyaya [2008], Yu and Guo [2009]) do 
not rely on the anchor node position. Meanwhile, anchor-free based localisation 
algorithms estimate the relative position of sensor nodes in a location system produced 
by the network connectivity and coverage information among the sensor nodes in the 
sensor field. For instance, location-aided routing, it is enough by the knowledge of the 
relatively position of the sensor nodes in compare with other sensor nodes. Furthermore, 
a relative position system can also be converted into an absolute position system when 
the coordinates of three (four in the case of 3D) separate nodes which are not collinear 
can be found. The disadvantage of these anchor free algorithms is when the reference 
nodes move, positions of sensor nodes need to be recalculated for the nodes that have 
not moved. This is taken into account as one of the problems in WSNs where the sensor 
nodes are usually consumed to be stationary. 
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The advantage of using anchor nodes is the presences of several sensor nodes with 
known location (anchor nodes) can improve the efficiency of the calculation of nodes 
coordinates to the normal sensor nodes. However, anchor nodes also have their 
disadvantages: 1) GPS equipment is expensive; 2) GPS cannot be used indoors in most 
of the cases since it can be confused by tall buildings or other obstacles in the 
environment. GPS equipment also consumes a significant amount of battery power. This 
can be a problem in the application on sensor nodes with power-constraints. Another 
solution other than GPS is to predefine the anchor nodes‟ position. This can be 
impractical in some extreme cases. For example, when deploying 10000 nodes and 500 
anchor nodes or when deploying nodes from an aircraft. In conclusion, the use of anchor 
nodes has its unique advantages in localisation but also comes with costs. 
2.3.5 Absolute versus relative localisation 
Most of the anchor based localisation algorithms use GPS to provide sensor positions. 
GPS-based localisation requires anchor nodes equipped with a GPS receiver. Only a 
small amount of nodes will be equipped with GPS receiver and act as anchor nodes for 
reference. An absolute coordinate system will be established using these anchor nodes. 
On the other hand, coordinates in the absolute coordinate system can be obtained from 
the corresponding coordinates in the relative coordinate system by performing a simple 
linear transformation based on some reference nodes. In conclusion, the results of the 
absolute localisation are easy to be used. 
The goal of relative localisation algorithms is to calculate the distance or angle between 
sensor nodes. This distance and angle value are relative in compare with the absolute 
localisation. A relative coordinate system can be manually defined or based on some 
reference nodes. The relative localisation approaches tackle the problems introduced by 
the use of GPS receiver. The reasons for using relative localisation can be summarised 
as: 1) relative localisation meets the requirement of some users; 2) it can be transfer to 
absolute localisation. 
Relative localisation algorithms estimate relative position of sensor nodes. The coordinate 
system is established using a set of nodes and it is different from the original. It does not 
need the position information of anchor nodes and its applications can be location aided 
routing etc. Relative positions are also sufficient for calculating the absolute positions. 
The advantage and disadvantage of state-of-the-art localisation algorithms are 
summarised and compared in Table 2.2 in order to explore a distributed range-free 
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localisation algorithm while considering localisation accurate, mobile, energy-efficiency in 
a novel hybrid localisation algorithm. 
Table 2.2 Characteristics of localisation techniques 
Localisation 
Techniques 
Distributed/ 
Centralised 
Range-based/ 
Range-free 
Cost Anchor 
nodes 
required 
Scalability 
MDS-MAP Centralised Range-free High Low No 
SDP Centralised Range-free High Low Low 
SA Centralised Range-free High High No 
APIT Distributed Range-free Low High Good 
DV-Hop Distributed Range-free Low Low Good 
REMA Centralised Range-based High Low Good 
ALS Centralised Range-free Low Low Low 
2.4 Wireless Sensor Networks in Disaster Scenarios 
Currently, combined with the prompt of wireless communication techniques, WSN 
techniques have been actively researched. It is shown that WSNs have ability to 
outperform the traditional wireless systems. In particular, WSNs techniques have benefits 
for emergence rescue, disaster relief, smart home, patient monitoring, industry and 
military applications (Werner-Allen et al. [2006], George et al. [2012]). However, their 
applications and benefits have not been fully explored in the areas of disaster recovery 
and rescuing. 
Different from other WSNs applications, both man-made disasters (e.g. fire hazardous, 
terrorist) and natural disasters (e.g. earthquake, volcano, flood, typhoon, tornados) can 
have catastrophic influences on people and the environments which could generate large 
damages economic loss in large scale before disaster, during disaster and after disaster. 
Incident command operations (localisation rescue and tracking) take actions on victim 
rescue and search operation. WSNs are applied disasters to localise the position of both 
the victims and rescuer. Problem solving in disasters is difficult and dynamic, requiring 
rapid decisions before, during and after the event. The localisation of WSNs technology 
and framework and sensor nodes placement models can be devised in order to meet the 
requirements for the disaster recovery and rescuing in built environment. In a disaster 
environment, it is important to replace the dead nodes with new ones. The WSNs need to 
improve the sensor network connectivity, network coverage and the using of node 
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deployment. Different scenarios have different environmental factors (e.g. the 
surrounding environments temperature, pressure and humidity which can have impact on 
the accuracy of localisation in WSNs. 
Chandra-Sekaran et al. [2008, 2009] designed an emergency response system based on 
DAN (Disaster aid network) for WSNs in disaster environments as illustrated in Figure 2.5. 
They developed a range-Based Monte Carlo localisation system in real-time for localising 
a large amount of target sensor node (patients) at the disaster area. They have also 
developed energy efficient Zigbee-ready temperature sensor node hardware using the 
RSS-based localisation solution to analyse its availability to detect the patients at the 
disaster site. DAN mainly concentrates on solving the problems using logistical way in 
disaster environment. For instance, there are four different types of logical trigging: “Red”, 
“Yellow”, “Green” and “Blue”. The “Red” represents that the patients with immediate 
attention; “Yellow” means the patients with delayed attention; “Green” represents patients 
with light injuries; “Blue” represents patients with no hopes of survival. The DAN 
architecture is comprised by tens or hundreds of distributed sensor nodes in disaster 
environments and wirelessly exchange the inter communication through ZigBee 
technology. The 2.4 GHz band (with a maximum data of 250 kbps) is used in the DAN 
based ZigBee mesh network. 
However, the system they designed has limitation in dynamic environments which contain 
a variant amount of noise. Because of the low accuracy of RSS calculation, RSS-based 
localisations suffer from estimation errors which are caused from the irregular signal 
communications in disaster area. 
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Figure 2.5 Disaster Aid Network (DAN) 
2.5 Fuzzy Logic based Localisation Algorithms 
Applying fuzzy logic system in localisation algorithm is motivated by the fact that RSS 
measurements are usually inaccurate due to a number of factors such as multipath 
propagation, reflection, interference and shadowing, which helps to improve localisation 
estimations. 
Rowaihy et al [2009] developed a distributed localisation algorithm based on the concept 
fuzzy location on event detection and target localisation applications. This method could 
assign directional different types sensor nodes to multiple simultaneous tasks and obtain 
accurate location information. Velimirovic et al. [2010] proposed a fuzzy set theory based 
localisation algorithm which could enhance the ring-overlapping method during the 
localising sensor nodes process. In this localisation algorithm, a fuzzy membership 
function based RSS localisation is firstly utilised to obtain fuzzy sets of rings which 
constrain the position of target sensor node regarding to the associated anchor node. 
Then the fuzzy sets of the area of interest are generated utilising the intersection rings 
from different ring sets appearing by anchor node. Finally, the weighted Centroid 
localisation algorithm is employed on fuzzy set of bounding to localise the target unknown 
nodes. 
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2.6 Evaluation Criteria for Wireless Sensor Networks 
In this section, some common evaluation criteria (Mao and Fidan [2009]) are described 
such as average localisation error (ALE), root mean square error (RMSE), and geometric 
means error (GME). The Euclidean distance is described to be the shortest distance 
between two physical locations of sensor nodes. Euclidean distance is generally used as 
the evaluation criteria to estimate the sensor node position in 2D coordinate system in 
LWSNs. The evaluation criteria (Cheng et al. [2012]) are presented as bellow.  
(1) Average Localisation Error (ALE) 
    
 
 
∑√  ̂         ̂      
 
   
 
(2.1) 
where  is the total number of sensor nodes and anchor nodes in the entire sensor 
network;         is the actual coordinates of sensor nodes;   ̂   ̂   is the estimated 
coordinates of sensor nodes. ALE is used in 2D LWSNs simulations in the thesis. 
(2) Root Mean Square Error (RMSE) 
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(2.2) 
(3) Geometric Mean Error (GME): 
    √∏   ̂         ̂       
 
   
 
 
(2.3) 
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2.7 Summary 
This Chapter has discussed issues of localisation in WSNs containing extensive 
classifications of localisation algorithms and their advantages and disadvantages in 
WSNs. It has given an orientation regarding the working environment and conditions 
presented in the disaster environments. Besides that, it has examined the current state-
of-the-art localisation algorithms that have been developed for disaster environments. It is 
the motivation to design the novel localisation algorithms to tackle the location issues in 
WSNs for disaster scenarios. 
Section 2.2 introduces the preliminary mathematical problems and analyses of 
localisation phase in WSNs. Section 2.3 describe the stage of localisation. Section 2.4 
surveys the state-of-the-art localisation algorithm classification including range-
based/range-free, centralise/distributed, indoor/outdoor, anchor-based/anchor-free etc. 
This section also discusses some location issues that have not been addressed in the 
recent literatures. Section 2.5 presents the computational model for LWSNs. Section 2.6 
surveys wireless sensor networks in disaster scenarios, which is a challenge application 
for the current localisation algorithms. Section 2.7 surveys fuzzy logic based localisation 
algorithms in order to improve localisation accuracy and localisation efficiency in sensor 
network disaster applications. Finally, evaluation criteria for LWSNs are presented in 
Section 2.8 which will be used in the simulation of this research. 
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CHAPTER 3  RANGE-FREE LOCALISATION ALGORITHMS 
IN DISASTER SCENARIOS 
 
3.1 Introduction 
WSNs are a promising method for providing real-time location information feedback from 
disaster sites to rescue people. The dimension of the disaster area is often large. This 
requires a very large scale sensor network. Therefore, the designed localisation 
algorithms need to be scalable and robust in case of nodes failure. The robustness of the 
localisation algorithms are considered to compensate the ranging measurement errors, 
multipath and fading effects which are usually amplified by several factors in a disaster 
area. There are some limitations in the existing range-free localisation algorithms. When 
a small number of anchor nodes are deployed, the anchor nodes are only available when 
they are placed at the boundary of the area of interest to keep the connectivity level of 
WSNs. Specifically, common assumptions in current range-free localisation algorithms 
are not applicable in a disaster scenario and the performance of the localisation 
algorithms are slightly affected. 
This chapter is the further extensions of Chapter 2. It presents the existing network 
characteristics, metrics and deployment/topology models for localisation algorithm 
evaluation, simulations and comparisons in disaster environments. The impact of the 
irregular radio range and constraints on the performance of localisation algorithms in 
disaster environments is analysed along with the important system parameters (e.g. 
sensor node density, sensor node deployment and sensor network coverage) which 
greatly have effect on the performance of the localisation algorithms. Disaster scenarios 
representative radio communication models are discussed. A set of models are then 
presented for deployment and topology. 
3.2 Network Characteristics in Disaster Environments 
Relying on disaster applications, wireless sensor nodes in WSNs could be randomly 
scattered in remote, hazardous, harsh, sparse terrain. In this case, sensor networks do 
not base on extra special equipment for sensor node localisation. Sensor nodes are small 
size with limited batteries and easily vulnerable when they are deployed in sparse 
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environment. After node deployment, it may be impossible for human physically to access 
sensor nodes for recharging or maintenance. Therefore, sensor networks may have to be 
executed in an additional time or with continuous function. For instance, when a large 
amount of sensor nodes are deployed in a large-scale WSN, configuring each sensor 
nodes location in a manual way is not taken into account. Moreover, prior node 
deployment information is sometimes not available when sensor nodes are randomly 
scattered from an aeroplane. Some system parameters such as number of sensor 
node/anchor node and neighbourhood location are basically unknown before deployment. 
Node parameters are also changing over time after node deployment when the networks 
are dynamic. The dynamic re-configurations need to be taken into account. Therefore, the 
localisation techniques should be provided by the WSNs system regarding the practical 
environments so that all the deployed sensor nodes and functions continue operating 
without interruption when sensor nodes become failure. 
The following sections extensively describe the requirements and constraints for the 
design of localisation algorithms for WSNs in the large scale disaster scenarios and the 
analysis of the network characteristics in disaster environments including network 
scalability and distance/angular constraints. 
3.2.1 Sensor network scalability 
The number of the sensor nodes placed in WSNs typically depends on the size of the 
area of interest and network coverage and connectivity. The size of the WSN may vary 
from tens of sensor nodes to hundreds of sensor nodes. The sensor network scalability is 
determined by the network size in terms of the localisation algorithm and the applications. 
In disaster scenarios, a large scale sensor networks are to be considered. The network 
needs to be scalable and extensible. 
The significance of dimensions (2D/3D) for WSNs has been recently concerned by a 
number of localisation algorithms (Zhang et al. [2006], Mautz et al. [2007]). However, 
many of these localisation algorithms have developed for moderate 2D WSNs along with 
a small number of sensor nodes. How to get hundreds or thousands of sensor nodes to 
be self-organised and self-localisation is an issue for localisation techniques. 
3.2.2 Distance/angular constraints 
Two distance variants are defined in the localisation WSNs: One is absolute distance 
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between the anchor nodes and target unknown sensor nodes. The other is the distance 
differences between the anchor nodes and target unknown nodes. Absolute distance can 
be obtained by measuring method such as RSS, TOF using radio propagation models. 
Distance differences can be obtained using TDOA. There are some methods for distance 
measurement utilising sensor network connectivity. Assume the communication radius of 
a sensor node is  , then two sensor nodes could listen to each other within the 
communication radius. Distance can be obtained by a couple of hops (e.g., single hop, 
multi hops, hop counts) between target nodes and neighbour anchor nodes or non-
neighbour anchor nodes, for instance, DV-hop localisation algorithm and Amorphous 
localisation. 
Angles are mainly used in form of AOA in localisation WSNs. For instance, if a target 
unknown sensor node is in the 2D localisation system in WSNs, AOA is modelled as the 
angle between the x-axis and the line connected to the anchor node with the target 
unknown node itself (Peng et al. [2006]). Additional equipment is basically required to 
measure the angle of arrival, for example, the antenna (Kubkowski et al. [2010]). The 
antennas are arranged in order for the transmitter to receive the signals from the antenna. 
3.2.3 Sensor node mobility 
The initial position of sensor nodes may be altered after they deployed in the region due 
to the surrounding environment changing. Moreover, constraint batteries of sensor nodes 
and physical destruction often influence the communication pathway and lead to sensor 
node failures. Sensor nodes may be mobile, new nodes may add to the WSNs and 
replace the failed nodes. When a large amount of sensor nodes are deployed or the 
environment cannot be accessible, manual configuration cannot be used. Sensor nodes 
probably need to be attached to or carried by a moving object (e.g. animal, people) to an 
area of interest. 
Mobility can apply to all sensor nodes in SWSNs or some of the sensor nodes. The 
occasional movement of sensor nodes have influence on the degree of sensor node 
mobility. In addition, the degree of sensor network dynamic, the sensor node deployment 
and the network routing protocols are greatly determined by the sensor node mobility. 
The actual speed of moving sensor nodes affects the amount of time when the sensor 
nodes are moving within the communication radio range of anchor nodes. These could 
result in the continuously variation of sensor nodes topology in WSNs. Then the sensor 
network could be divided into different partitions temporarily as the sensor nodes moving. 
This is a common phenomenon in the disaster environments where the sensor network 
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topologies are changing. (Srinivasan et al. [2008], Bettstetter et al. [2003]) 
3.3 Evaluation Metrics on Range-free Localisation Algorithm 
This section describes the evaluation metrics for testing the performance of the range-
free localisation algorithm. The evaluation metrics are used to test the performance of the 
designed localisation algorithms/designed sensor networks. The metrics are also used to 
evaluate range-free localisation algorithms and are applied in simulations as well as the 
system parameters to represent the WSNs for disaster scenarios for recovery and 
rescuing applications. 
3.3.1 Sensor network topology 
In WSNs, network topologies are defined as a set of wireless communications between 
each sensor nodes using a network routing mechanism. Desired topology can be 
achieved by adjusting system parameters such as transmit power, antenna direction and 
transmission range. Most of the WSNs operate on batteries. The constraint battery of a 
sensor node results in node failure which the subset of WSNs reducing the capacity and 
increasing end to end packet delays. Therefore, controlling the sensor network topology 
by varying the transmission power at each sensor node plays a key role in WSNs lifetime. 
Multi-hop sensor networks (Scaqlione and Servetto [2005]) may form trees graph or stars 
graph. Some network characteristics (e.g. network latency, network robust and network 
capacity) are affected by the topology of a sensor network. For instance, the complex of 
the routing mechanism and data processing rely on the topology of sensor networks. 
3.3.2 Node deployment 
The sensor nodes in LWSNs deployment can have several classifications in real-world 
environments. Sensor nodes could be randomly scattered, for instance, by dropping from 
an aircraft in a large scale region. On the other hand, sensor nodes may be placed 
manually in a deliberately small area. Sensor nodes may be deployed both randomly and 
regularly. For instance, after a number of sensor nodes are randomly deployed at a 
certain interest of area, some sensor nodes may lose function and need to be replaced or 
new nodes need to be added for the network coverage improvement using manual 
configuration. Therefore, sensor node deployment is a continuous process. Old sensor 
nodes can be replaced by the new functional sensor node during the process in WSNs. 
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3.3.3 Sensor network connectivity 
Network connectivity can be defined in a Graph method as follows: A graph is defined as 
       , where   are vertices in the equation and the elements of   are its edges or 
lines.   is a set of two element subsets of  . Wireless multi-hop networks are represented 
as a graph with   as a number of nodes and    as a number of wireless multi-hop 
communication links between node pairs. Also assume that the communicational links are 
bidirectional which means communication link relations on node pairs are symmetric, i.e., 
set   a pair       also equals      . Undirected graphs are only considered in terms of 
graph theory. Let the graph         is nonempty and represents   nodes and the 
communication links in a wireless network. The degree of a node  , denoted as       is 
the set of neighbours or its number of links. In terms of graph theory       is a set of 
edges         at  . If a node u is isolated then        . 
In sensor networks, the connectivity of a network is defined by the communication radius 
and actual coordinates of each sensor nodes. If there is a direct connection or multi-hop 
between sensor nodes to sensor nodes, the sensor network is connected. The network 
connectivity may be changed due to the node mobility. Connectivity may vary when the 
sensor networks are occasionally portioned or some sensor nodes are isolated for some 
time. In this case, the mobile sensor node may transport the messages across the 
partitions and improve the network connectivity. Network connectivity mostly have effects 
on the routing mechanism and data processing. Some range free localisation algorithms 
locate the unknown node by network connectivity information which derives the locations 
of the nodes in WSNs based on geography information. 
A sensor network can be built into a fully connected network or partially connected 
network. A subset of the partitioned network is connected apart from the 
isolated/unresolved sensor nodes. 
3.3.4 Localisation accuracy 
Localisation accuracy can be measured as the percentage of communication radius of a 
sensor node (Localisation error is normally defined as the differences between physical 
locations of the sensor nodes to the estimated locations of the sensor nodes). 
Localisation accuracy often relies on the measured radio range error. The less of the 
radio range error would result in the better localisation accuracy. Moreover, localisation 
accuracy is affected by the percentage and placement of anchor nodes (e.g. GPS error) 
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in the network as well as the deployment error. 
3.3.5 Sensor network coverage 
The sensor network coverage is defined as the effective range of the sensors attached to 
a sensor node. The coverage degree of the interested area is measured by network 
coverage, which can be classified into: 1) sparse coverage-only parts of the interested 
area are covered by the sensor nodes; 2) dense coverage-the interested area is 
completely or almost completely covered by the sensor nodes; 3) redundant coverage-the 
same physical location is covered by multiple sensors (Wang et al. [2003]). The actual 
coverage degree depends on the observation accuracy and the required redundancy. 
The coverage degree also influences the localisation algorithms. The networks with high 
coverage can be switched from redundant model to power-saving sleep model for 
extending the network lifetime (Tian and Georganas [2002]). 
3.3.6 Sensor network density 
Depending on the desired node deployment and the area of interest, WSNs are normally 
consisted of a large amount of sensor nodes since typical sensors have a small effective 
range in compare with the large interested area to be covered by the sensors. In addition, 
many sensors cover a spot near to the interested area. 
Density can be defined as the average number of neighbours of nodes in a given problem 
instance. Different problem instances can be generated through changing the node‟s 
communication in a topology. A change in the range changes the neighbours of a node, 
the shortest paths between node pairs and consequently the actual distance matrix 
generated from the topology. 
It is a challenging work to scale sensor networks to large number of nodes that are 
densely deployed. When using onmi-directional radios for communication, the capacity of 
the nodes in the network decreases with the node density. In networks with high density, 
the occurrence of physical events may trigger communication at a large amount of nodes 
(Intanagonwiwat et al. [2002]). This could cause the network to be congested and 
increase delays. 
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3.3.7 Anchor node deployment 
In WSNs, the anchor nodes are uniformly or randomly placed with known location in the 
terrain. Anchor nodes deployment may be predefined and do not consider the influence 
of real-world environment. The placing of anchors can be affected by terrain. Furthermore, 
signal propagation can also be affected. The deployment of anchors and target nodes in 
the network can have several of effects on the accuracy of location estimation. 
Accuracy, coverage and cost are three main issues to be considered in localisation 
algorithms. Therefore, localisation algorithms are often needed to be optimised based on 
a set of specific constraints, such as low energy consumption, high-speed localisation, 
large-scale and minimum error. For example, it is expensive to deploy a network with 
large amount of anchors and the anchors need to be carefully placed to ensure coverage. 
However, when decreasing the amount of anchors, the algorithm may lose accuracy and 
simplicity. On the other hand, when focus on node density, radio traffic, message collision 
and energy consumption of the nodes will also increase. (Mao and Fidan [2009]) 
When deployment and power usage is first considered, minimisation of the amount of 
anchors in the network is desirable. For example, to use anchors with GPS will need 
extra hardware, thus the network can be energy consumption and expensive, similarly, 
when the deployment mechanism is random placement (e.g. to throw anchor nodes from 
a vehicle), pre-defining anchor position may be hard to achieve. (Mao and Fidan [2009]) 
3.3.8 Cost metrics 
Compared to the traditional wireless networks, WSNs are low power operation, low cost 
and low computation capability. Deploying a large number of sensor nodes densely in 
large scale terrain, cost metrics is usually considered. Cost metrics is often assumed to 
be a trade-off against metric of localisation accuracy. Cost metrics are derived from the 
real-world environment requirements and constraints and normally used to analyse the 
localisation algorithms not limited to the network metrics of localisation accuracy and the 
coverage of sensor networks. 
Communication between nodes through radio signal is considered to be very energy 
consuming in compare with the overall consumption of a wireless sensor node. Therefore 
minimising the communication overhead is important in extending the lifetime of network. 
Communication overhead is normally measured by two ways. The first is the actual power 
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consumed. The second is the number of packets transmitted for achieving the localisation. 
(Suhonen et al. [2006]) 
The signal power the sensor nodes have been consumption on node localisation could 
have an impact on the lifetime of sensor node in WSNs. Power consumption will be a 
combination of the power used to perform local operations and the power used to send 
and receive messages associated with localisation. 
3.4 Modelling Radio Irregularity for Disaster Environments 
Radio irregularity is a general phenomenon for disaster applications in WSNs. Therefore, 
it is essential to simulate the localisation algorithms for WSNs in radio irregularity 
environments. The effect of radio irregularity to the performance of the localisations also 
needs to be considered. This section describes the radio patterns and 
communication/transmission models developed for the simulations in disaster 
environments. 
3.4.1 Isotropic communication models 
Communication ranging is the process of calculating the distances or angles between 
sensor nodes and anchor nodes using techniques such as RSS or acoustic ToF. Isotropic 
communication model is defined as the signal attenuation exactly the same in all 
directions (2D or 3D WSNs). In isotropic communication models, RSS is usually defined 
as the equation 3.1, measured in    . 
                                                             (3.1) 
The “SendingPower” of a sensor node depends on the status of battery and the type of 
senders and antenna. “PathLoss” is the energy loss of signal when it transmits to the 
receiver and is computed by different types of transmission model. Figure 3.1 (a) and (b) 
illustrate the regular communication model (isotropic communication model) which is the 
communication/transmission/propagation model used in WSNs. There is no obstacles 
interference such as reflection or diffraction existing in the regular communication model 
and the relationship between transmitter and receiver is line-of-sight (LOS). Figure 3.1 (a) 
shows the radio patterns for several degrees of regular radio (-145 dBm, -140 dBm, -125 
dBm, -120 dBm). In this diagram, the ideal radio range of a sensor is a circle centred in 
the sensor in 2D WSNs (a sphere centred in 3D WSNs). Figure 3.1 (b) shows as the 
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increase of distance, the RSS is continuously changing with incremental changes in 
direction. The “PathLoss” is modelled as the proportion to the square of the distance 
between the sender (anchor nodes) and receiver (sensor nodes). It is also modelled as 
the proportion to the square of the frequency of the radio signal. The propagation 
distance affected by the signal loss between the transmitter and receiver is considered in 
the isotropic communication model shown in formula 3.1. The special hardware factors, 
for example, the gain of the antennas used between transmitter and receiver is not 
included in the isotropic communication model. (Mao and Fidan [2009]) 
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(b) 
Figure 3.1 Regular communication model 
3.4.2 Anisotropic radio models 
A sensor node usually has an irregular radio pattern in real disaster environments. For 
example, the free (ideal) communication of signals are affected by reflection, diffraction 
and scattering in obstacle-based environments which could result in the propagation 
errors when the target sensor nodes receive the information from anchor nodes (He et al. 
[2003]). The ideal radio model is not suitable to describe the practical environments. 
Figure 3.2 shows the logarithmic mode in the simulation. The signal strength sent by the 
transmitter is modelled to be log-normally distributed relationship to the given distance. 
The comparison between regular model and logarithmic model is shown in Figure 3.3. 
In order to define the irregular radio signal in the communication model, the DOI (degree 
of irregularity) factor is concerned. The DOI parameter is defined as the maximum path 
loss percentage variation per unit degree change in the direction of radio propagation (He 
et al. [2003]). 
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Figure 3.2 Logarithmic attenuation model 
 
Figure 3.3 Comparison between logarithmic attenuation model and regular model 
Figure 3.4 shows the simulation results of DOI communication model when DOI values 
are set to 0, 0.005, 0.01 and 0.015, respectively. The DOI radio patterns generated in the 
simulation is a total circle communication range when DOI value is set to 0. This is such 
no range variation. Therefore, the DOI communication model can transform into regular 
transmission model. However, when DOI is increasing, the range variations occur. DOI 
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communication model is based on an absolute communication range. The dashed circles 
in this diagram indicate the degree of the radio irregularity. There are normally an upper 
radio bound and a lower bound on the signal transmission in DOI communication model. 
If the communication radio range of the anchor node is defined as   for example. The 
upper bound on signal propagation can be defined as     , where   is the distance 
deviation to the upper bound affected by the radio irregularity. Similarly, the lower bound 
on signal propagation could be defined as     , where    is the distance deviation to 
the lower bound. Then the area of the anchor node transmission could be defined as 
            . For instance, if the distance between the anchor node and sensor node is 
less than the lower bound, the sensor node is definitely within the communication range 
and would receive high powered radio signal. On the contrary, if the distance is beyond 
the upper bound, the sensor node is guaranteed not receive the signal because it is not in 
the inner radio area. If the distance is within             , it depends on the three 
possible conditions: 1) symmetric communication; 2) asymmetric communication and 3) 
no communication (Zhou et al. [2006]). 
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(d) 
Figure 3.4 DOI radio patterns 
The RIM (Radio Irregularity Model) (Zhou et al. [2006]) is developed based on both the 
regular communication model and DOI communication model, which puts the energy 
models with the DOI factor together. The RIM radio patterns in the simulation are shown 
in Figure 3.5 when the DOI values are set to 0.005, 0.01 and 0.015 respectively. The 
definition of DOI is combined the radio energy transmission in RIM model. When the DOI 
parts are set to 0, the RIM model can be changed to regular communication model. When 
there is no radio interference between the anchor node and sensor node in the RIM 
model, it is defaulted to the DOI communication model. The establishment of RIM 
concerns about the real-world environments where there are irregular radio pattern 
existing in the data of sensor device. The RIM contains three main radio signals 
properties. They are anisotropy, continuous variation and heterogeneity. 
The regular communication model does not consider the irregular radio pattern. The 
degree of radio irregularity is changing according to the real-world environments. The 
radio patterns become more irregular when the sensor nodes are deployed in sparse 
environments (e.g. disaster environments). Therefore, the localisation accuracy would 
have been largely affected by the irregular communication model. In the simulation of 
disaster scenarios, the irregular radio can be modeled by adjusting DOI values. Larger 
DOI value can be used to approximate the irregular disaster environment. This could test 
performance of the proposed localisation algorithms with simulations in different 
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environments. Further simulations need to be explored to compare the impact of the radio 
irregularity on localisation accuracy under different environments. 
RIM model (Zhou et al. [2006]) is formulated as follows, 
                                                                     (3.2) 
where 
                                    (3.3) 
 
   {
  
      
   
               
     (3.4) 
where 
               (3.5) 
To define the radio irregularity, the value of path loss models is adjusted based on DOI 
values.    is a coefficient to represent the direction in path loss in different direction and is 
the     degree coefficient. For instance, 360    values for 360 different directions can be 
generated by randomly fixing direction as the starting direction represent by i=0.   is a 
random number between -1 and 1. 
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(c) 
Figure 3.5 RIM radio patterns 
3.5 Modelling Deployment Topologies for Disaster Environment 
When sensor nodes and anchor nodes are deployed in a rectangular terrain with 
predefined densities, the signal attenuation factors and radio ranges in the sensor field 
depend on the complexity of the terrain. In WSNs, there are two typical kinds of sensor 
network topologies: random sensor network topology and uniform sensor network 
topology. In random sensor network topology, sensor nodes are deployed randomly in 
the area of interest and the location of the sensor nodes are not pre-defined. In uniform 
sensor network topology, sensor nodes are deployed evenly in the area of interest where 
the sensor network is partitioned into small grids area and the sensor nodes are located 
in each grid. 
Sensor network topologies can be further divided into sub-classes regarding to the 
different shapes formed and the degree of the irregularity in node deployment. There are 
two sensor network topologies taken into account to be able to present two main disaster 
scenarios: the isotropic (irregular) sensor network and the anisotropic (irregular) sensor 
network. In isotropic networks, both anchor nodes and sensor nodes are deployed in a 
randomly distribution in order that each node in the network, the density, connectivity and 
communication range can be considered as approximately the same. In another aspect, 
in anisotropic networks, the deployed sensor nodes have non-uniform connectivity. For 
example, if a network has a hole with the shape of letter “C”, the number of hops between 
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the north and south branches cannot be used to indicate geometric distance. 
There are two main kinds of sensor node deployment: uniform sensor deployment and 
randomly sensor node deployment. In uniform sensor node deployment, both anchor 
nodes and sensor nodes are placed evenly in the deployment region in an exact grid. In 
randomly sensor node deployment, all sensor nodes are placed randomly in the 
deployment region. There would be range and variance of noise generated to the grid 
position. 
3.5.1 Uniform deployment 
Figure 3.6, 3.7 show two examples of uniform sensor network topologies. Sensor nodes 
are normally evenly deployed in an area of interest with grids. The position of anchor 
nodes and sensor nodes are predefined. The advantages of the uniform deployment are 
the sensor node density is consistent in the whole deployment area or in the parts of the 
deployment area (e.g. C uniform deployment) and the network coverage is not changing. 
However, it is really ideal deployment environment and it is usually used as the first test 
of the proposed localization algorithms. The proposed localisation algorithm does not 
need to consider the localisation error generated by the sensor node deployment (e.g. 
deployment error). (Mao and Fidan [2009]) 
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Figure 3.6 Test sensors in square regular deployment model (isotropic): (a) sensor deployment (b) 
the relationship between neighbour nodes 
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Figure 3.7 Test sensors in C regular deployment model: (a) sensor deployment (b) the relationship 
between neighbour nodes 
3.5.2 Random topologies 
In disaster environment, random placement could better present the scenarios. In 
particular, sensor nodes can hardly be placed in uniform way. The area of interest 
sometimes is not reachable environments where manual deployment is limited or 
impossible in real-world. Generally, sensor nodes are randomly dropped from some 
deployment vehicle, and uniform placement cannot be guaranteed. In random 
deployment, sensor nodes and anchor nodes are randomly distributed throughout the 
area of interest (e.g. random deployment in Figure 3.8 and C random deployment in 
Figure 3.9). 
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Figure 3.8 Test sensor in random deployment: (a) sensor deployment (b) the relationship between 
neighbour nodes 
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Figure 3.9 Test sensor in C random deployment (anisotropic): (a) sensor deployment (b) the 
relationship between neighbour nodes 
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3.6 Simulation Settings 
3.6.1 System parameters 
In the simulations, some system parameter settings are studied which have directly 
influences on localisation accuracy in range-free localisation algorithms. These 
parameters are described below: 
 Sensor Node Density (SND): this is defined as the average number of sensor 
nodes per sensor node communication area. 
 Anchor Node Heard (ANH): this is defined as the average number of anchor 
nodes listened by the target sensor node in the localisation process. 
 Anchor Node Percentage (ANP): this is the number of anchor nodes divided by 
the total number of sensor nodes. 
 Degree of Irregularity (DOI): this is discussed in Section 3.4.2. 
 GPS error: this is denoted as the maximum possible distance (error) from the 
actual anchor node position to the GPS calculated position in units of sensor 
node communication radius (He et al. [2003]). 
 Node Deployment: 4 kinds of node deployments are investigated in the simulation: 
random deployment, C random deployment, regular deployment and C regular 
deployment. 
 Communication Radius (CR): this is defined as the average distance the anchor 
information could transmit. The communication radius of anchor node is usually 
the proportion of the communication radius of the target sensor node. 
 Deployment Error (DE): The difference between the grid point and the actual 
coordinates of the sensor node. 
 Localisation Error (LE): The average of localisation error is the Euclidean 
distance between the calculated sensor node position and actual sensor node 
position divided by communication radius. 
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 Sensor Network Connectivity: this is related to the sensor node communication 
radius. Compare the distances between sensor nodes and anchor nodes to the 
communication radius: the sensor network is connectivity if all the distances are 
no more than communication radius. The sensor network will form a connected 
graph.  
 4 kinds of topologies are used in the simulations: regular topology, C regular 
topology, random topology, and C random topology. 
3.6.2 Communication models settings 
The typical 4 kinds of transmission models used in the simulation are shown in Table 3.1. 
The typical values and ranges for different parameters are shown in Table 3.2. 
Table 3.1 The typical communication models used in the simulations 
Communication model 
Regular model                         
 
  
  (3.8) 
RIM model                        (
 
  
)        (3.9) 
DOI model                        (
 
  
)     (3.10) 
Logarithmic attenuation model                        (
 
  
)     (3.11) 
In table 3.1,       is the signal power an unknown sensor node received when the 
distance between anchor node and unknown node is   (simply, received power);    is the 
signal power the anchor node transmit to the unknown sensor node;        is the signal 
power the unknown node received when the distance is    (reference distance).   is the 
path loss exponent.   is defined as a Gaussian random parameter which is expressed as 
the fading component of RSS. The normal deviation   with zero mean is         
  . 
  is a gain parameter to denote the difference in path loss in different directions which is 
discussed in Section 3.4.2. 
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Table 3.2 The typical values and ranges for different parameters used in simulations 
Parameter Typical Value Typical Range 
                     
                       
                        
                            
                        
3.6.3 Deployment topologies settings 
Basically, the sensor network can be described using Graph theory definition:   sensor 
nodes are located at the vertices of the Graph. The communication ranges are defined as 
the bidirectional communication constraint at the edges. Positions of the   nodes (anchor 
nodes)                     are known. The remaining       positions are unknown 
(target sensor nodes). The localisation problem is defined to calculate 
                      . 
WSNs generated in the simulation are in a square area of interest which the sensor 
nodes are placed in a randomly/uniformly way. The sensor network connectivity is 
defined as the distance between sensor nodes and anchor nodes, for example, if the 
pairwise distance between sensor nodes is examined less than the communication 
range/radius. The sensor node connectivity is determined as connected. 
Figure 3.10 shows that there are 300 sensor nodes and 60 nodes are anchor nodes 
(which the position is known before located) randomly deployed in 1000*1000 WSNs. The 
red „*‟ represents anchor nodes and the blue „o‟ represents the unknown nodes. The 
parameter is set as follows. The GPS error is 0. The communication radius of anchor is 
200 m. 
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Figure 3.10 Test network generated from 300 randomly placed nodes in random deployment model: 
(a) sensor deployment (b) the relationship between neighbour nodes 
3.6.4 Range-free localisation algorithms 
Current localisation algorithms (range-free localisations) will be evaluated for WSNs in 
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scenarios with characteristics similar to a disaster area. Four typical kinds of range-free 
localisation algorithms are presented which will be used to be compared in simulations in 
the following chapter. 
 DV-hop localisation algorithm 
DV-hop localisation (Niculescu and Nath [2003]; Yu et al. [2013]; Zhou et al. [2013]) is 
based on the concept of distance vector routing. The beacon information including anchor 
ID and hop counts transmitted by anchor nodes are flooded throughout WSNs. The target 
sensor node could receive the beacon information with the minimum hop-count value per 
anchor. Then all sensor nodes could obtain the minimum hop counts information. The 
minimum hop-counts are converted to the shortest distances information. Finally, the 
distance between the sensor nodes and anchor nodes are estimated by the number of 
hops and the shortest distances. The average single hop distance is calculated by anchor 
using equation 3.12, where         is the coordinates of anchor node j, and   is the 
distance per hop between anchor node   and anchor node  . The estimated hop size 
information is then sent out to all the target sensor nodes. One target sensor nodes need 
at least 3 distance estimation from anchor nodes to calculate its own position (e.g., using 
multilateration method). 
         
∑ √       
         
 
   
∑      
    (3.12) 
 Centroid localisation algorithm 
The Centriod localisation algorithm (Bulusu et al. [2000]; Zhang et al. [2012]; Zhou et al. 
[2013]) employs beacon information, anchor coordinates to calculation sensor node 
location using equation 3.13, where       is calculated position of target nodes, 
                are the coordinates of anchor nodes respectively and   is the number of 
the anchor nodes. 
       
       
 
 
       
 
      (3.13) 
 Amorphous localisation algorithm 
The Amorphous localisation algorithm (Nagpal et al. [2003]; Luo et al. [2012]) is 
developed based on DV-hop localisation algorithm. Amorphous localisation algorithm also 
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uses the hop distance information in the localisation process. The hop size information is 
estimated using equation 3.14, where        is the network density and it is pre-defined 
value. Therefore the HopSize value could be calculated offline. 
                     ∫  
 
      
 
(         √    )  
 
  
    (3.14) 
 APIT localisation algorithm 
APIT is an area-based localisation algorithm (Wang [2010]; Li and Wei [2010]; Zeng et al. 
[2012]). The area of sensor node deployment is divided into different triangular regions 
between the sensor nodes. The APIT localisation process is to define the target sensor 
nodes whether they are located inside the prior triangular regions or outside the regions. 
The narrowed down triangular regions could reduce the invalid locations of sensor nodes 
and the localisation estimate could be more accurate. 
3.7 Summary 
Radio irregularity is a common and non-negligible phenomenon in disaster environments 
for WSNs. It results in irregularity in radio range and variations in packet loss in different 
directions. The spherical radio patterns assumed by simulators may not approximate real 
radio properties well enough in disaster environments and hence may lead to an 
inaccurate estimation of application performance. The contributions of this chapter are to 
ensure that the evaluation is as true to reality in disaster environments as possible while 
more general radio models are studied for the range-free localisation algorithms 
evaluation. Deployment topology models are also analysed for simulating disaster 
environments. Simulation setting details are then presented covering system parameters 
setting, communication models/deployment models setting and 4 typical kinds of range-
free localisation algorithm are described in the end which will be used for the comparison 
simulations in Chapter 4.  
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CHAPTER 4  PROBABILISTIC FUZZY LOGIC BASED 
RANGE-FREE LOCALISATION ALGORITHM 
IN DISASTER SCENARIOS 
 
4.1 Introduction 
Range-free localisation algorithms have received extensive research attentions because 
of simple, economic, low cost, low power and no additional hardware. However, range-
free localisations suffer from localisation errors because of the inaccurate of RSS 
measured affected by irregular radio communication, multipath transmission, reflection, 
interference and shadowing in sparse environments particularly in disaster environments. 
Range-free localisation algorithms influenced greatly when applied in disaster scenarios 
along with high irregular node deployment or irregular communication. Most existing 
localisation algorithms (Wang [2010], Zeng et al. [2012], Luo et al. [2012], etc.) have good 
performance when they are working in the ideal environments such as the regular 
communication radio model with low multi-path. The measured or sensed radio range 
stably localises the actual distance between the anchor node and sensor node. However, 
these assumptions are not suitable for the sensor node deployed in disaster environment. 
For instance, the relationship between RSS and distance in the radio communication 
model is not constant. The sensor node connectivity could be dramatically changed due 
to the irregular radio interference affection (Chenji [2010]). Therefore, the connectivity 
information obtained by the sensor node could be not accurate. 
Fuzzy logic is used for modelling and dealing with uncertain information. Measurements 
in range-free localisation algorithms are affected by uncertainty disaster environments 
that make them highly noisy and unreliable. Fuzzy logic provides a flexible and robust 
way to solve the uncertainty generated in harsh disaster applications. Common numerous 
measurements are enhanced to generate probabilistic fuzzy rules that the fuzzy inference 
system (FIS) is used to interpret input.  
In order to improve the localisation accuracy of RSS based range free localisation 
algorithms, the problem of localisation is defined as a fuzzy modelling. The distance 
between sensor node and anchor node in LWSNs can be modelled in a fuzzy logic based 
localisation system, for example, “Distance” is modelled in five fuzzy concepts of 
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“VeryFar”, “Far”, “Medium”, “Near”, “VeryNear”. 
In this chapter, a novel range-free localisation algorithm PFRL (Probabilistic Fuzzy logic 
based Range-free Localisation algorithm) is proposed using edge weights of connected 
anchor nodes based on probability fuzzy modelling. Based on the literature survey to date, 
no RSS based range-free localisation methods have been reported which use 
probabilistic Mamdani-fuzzy model. Probabilistic Mamdani fuzzy modelling is employed to 
approximate the non-linear function with fuzzy inference system (fuzzy membership 
function and fuzzy rules). In the proposed localisation algorithm, first adjacent anchor 
nodes are found which are connected to the node to be localised. Then, probabilistic 
fuzzy membership functions are designed based on the RSS information between anchor 
nodes and sensor nodes. A weighted Centroid localisation algorithm (WCL) is applied to 
compute the position of unknown sensor nodes after edge weights calculation. In this 
chapter, highly irregular radio communication model characterise the real-world disaster 
environment. The irregularity factor in the disaster environments are modelled in the 
simulations by DOI and irregular sensor node deployment. (e.g. C random deployment) 
which discussed in Chapter 3. The contributions in this chapter include: 1) A probabilistic 
fuzzy logic based range-free localisation algorithm is proposed with probabilistic fuzzy 
rules building that simulate the disaster environment. 2) Probabilistic fuzzy rules are used 
to convert RSS measurements to the weights for target sensor nodes localisation in order 
to improve the robustness and accuracy of the localisation algorithms. 3) Extensive 
simulations have been done by comparing the proposed localisation algorithm to the 
existing classical range-free localisation algorithms. 
4.2 Related Work 
Recently, researchers are seeking to combine artificial intelligent area into WSNs. Yun et 
al. [2009] proposed a soft computing approach based range-free localisation in WSNs. 
They consider localisation is comprised into a range of individual problems. The edge 
weights are calculated using FLS and optimised using GA. Then the optimised weights of 
the anchor nodes are used to compute the position of target sensor nodes. They also 
consider localisation a single problem which the whole location of sensor nodes mapping 
from the anchor nodes is approximated by NN. Kumar et al. [2012] proposed a range-free 
based adaptive neural fuzzy inference System (ANFIS) localisation algorithm in WSNs. 
They used two measurements method to obtain the weights of anchor nodes: 1) ANFIS 
trained Sugeno fuzzy inference system, 2) combined Mamdani-Sugeno fuzzy inference. 
The approach exploits the design of hierarchical clustering with sleep scheduling, range-
free localisation using convex optimisation and Hybrid ad-hoc routing protocol to 
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maximise energy efficiency of wireless sensor nodes. They used fuzzy logic which is 
based on cluster intended to enhance the life-time of the entire sensor network. The 
proposed architecture schedule has data transmission and reception in an energy 
efficient way. The cluster leader is chosen by Dual Fuzzy Logic Cluster Protocol (DFLCP). 
In the first stage, the “eligible” sensor nodes are selected based on the respectively 
connected with other sensor nodes within the communication radio range and their 
retained power level. In the second stage, the “cumulative” sensor nodes are managed to 
be cooperated considering in the whole sensor networks. The localisation is applied for 
the selection of location of nodes and cluster head selection for minimising the sensor 
energy was stage while routing also to keep the node in sleep mode when not in use. The 
architecture for the MAC clustering applies the Mamdani as fuzzy interference system 
and defuzzification to decide and confined the universal level membership function so that 
various levels of distribution parameters can decide the optimum energy uniformity of 
distributed nodes. 
Punviset et al. [2012] proposed an optimum Markov random field-based localisation 
algorithm in WSNs. The RSS from neighbouring sensors is assumed to be statistically 
dependent. The Markov Random Field (MRF) model is employed to explain this 
dependency. The optimum sensor locations are obtained from the maximum likelihood 
estimate (MLE). The MRF model is used to capture this statistical dependency. Based on 
the MRF model, the optimum localisation algorithm is developed. Rahman et al. [2012] 
presented a RSS based localisation algorithm for WSNs which combined generalised 
regression neural network (GRNN) and weighted Centroid localisation (WCL). In order to 
overcome the variation of RSS such as the varying of the channel condition, space and 
time, the real-time training algorithm is proposed that could adjust the wireless channel 
change in RSS based localisation algorithm. There are two stages in the proposed 
localisation algorithm. In the first stage, RSS gathered data is used as the input for GRNN 
training in two coordinates. Then the trained network is applied to approximately locate 
the target sensor node and its neighbouring sensor nodes. In the second stage, the 
position of the target node is finally calculated using the weight centroid method of the 
NC-close neighbouring sensor nodes. Wu et al. [2012] put forward a regulated 
neighbourhood distance (RND) based range-free localisation algorithm, which RND is 
denoted the relative Euclidean distance between two sensor nodes within the radio range 
area. Then they combined RND-based localisation algorithm with DV-hop localisation 
algorithm namely DV-RND. DV-RND has the advantage over DV-hop using RND-based 
distance measurement technique. RND is computed by the pair of one-hop neighbouring 
sensor nodes. Then the shortest RND is calculated by any pair of sensor node in the area 
of interest. This algorithm is not applicable in the uniform networks with large average 
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node degree. Woo et al. [2013] developed a range-free localisation algorithm to reduce 
errors in scaling by deriving the optimal scaling factor in terms of network topology for on 
hop with respect to all anchors in the network. The proposed algorithm proceeds in three 
phases. Each anchor first emits a hello packet to inform its location and to help receiving 
nodes make minimum hop count tables. Once each anchor has the hop count table to 
other nodes, it broadcasts the table throughout the network. Then, all the unknown knows 
hop count to anchors, anchors‟ location, and hop count between all the anchors. Each 
unknown computes the optimal scaling factor for one hop with knowledge from the 
anchors and estimates the distances to the anchors. The unknown then estimates its 
location with respect to the distance estimates. 
Many applications of LWSNs determine the exact location of all sensor nodes deployed 
particularly in disaster environments. However, previous localisation algorithms did not 
reflect network topology and perform with large localisation error. The computational 
complexity is quite high for resource constrained sensor nodes. In addition, these 
algorithms work in a regular radio propagation model and the transmission range for all 
radios is identical. Theses existing localisation algorithms are applied to the ideal or 
certain simulation environments. However, they are not applicable for the changing 
uncertainty environments. 
4.3 Range Estimation Based on RSS 
RSS concepts related to radio signals are described in Chapter 3. RSS requires no 
additional hardware and every sensor node is able to analyse the strength of a received 
message. In order to estimate weights/distances based on RSS samples taken from a 
given channel (i.e. communication environments), some models would be developed to 
adequately describe the environments. 
The variation characteristics are affected in RSS over distance due to ranging 
interference and signal fading. Path loss is the signal strength fading when the radio 
propagates through the wireless channel. Shadowing is the signal power attenuation 
effects through “absorption, reflection, scattering, and diffraction” due to the obstacles 
between the transmitter and receiver. Variations caused by path loss and shadowing are 
sometimes referred to as large-scale propagation effects since they occur over relatively 
large distances. Another small scale variation, on the order of the signal wavelength, is 
caused by the constructive and destructive overlay of multipath signal components. 
Theoretical models have an advantage in their ability to reproduce a channel for the 
comparisons between various localisation scenarios, resulting in an accurate measure of 
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relative performance. 
4.4 Fuzzy Logic Based Localisation Algorithm 
There exist uncertainties in the localisation of target sensor nodes such as unpredictable 
multipath propagation, reflection, interference, and shadowing, etc. These uncertainties 
are often hard to be handled by traditional mathematical methods. On the other hand, 
fuzzy logic was introduced by Zadeh in 1965 to deal with uncertainties based on human 
reasoning. Therefore, it is a natural candidate to deal with the localisation problems for 
WSNs. The use of fuzzy logic has some advantages over the traditional localisation 
methods such as lateration and triangulation: 1) Fuzzy logic considers measurements as 
in real-world scenarios; 2) Fuzzy logic minimises the localisation error based on a 
naturally human reasoning process; 3) Fuzzy logic do not need historical data or 
iteratively calculating the location of unknown target nodes which can reduce the 
complexity of calculation and accumulated errors. 
Fuzzy modelling is very well developed and commonly used to model complex systems 
that the mapping from input to output is highly non-linear. A fuzzy logic based inference 
systems are composed of fuzzifier, fuzzy rules (in the format of IF...THEN...), fuzzy 
inference engine and defuzzifier. The fuzzifier transfers crisp input values into fuzzy 
values by assigning degrees of membership to each fuzzy set defined for that input. The 
fuzzy inference engine maps the fuzzy input values into fuzzy output values (in the format 
of membership degrees to each fuzzy set defined for the output variables) by means of 
fuzzy rules. The defuzzifier transfers fuzzy output values into crisp values by aggregating 
the information provided by the fuzzy output values. 
A multiple inputs and single output (MISO) fuzzy rule is usually presented in IF-THEN 
format: 
Rule  : if    is      and    is      and     is      
Then   is    
where               and             correspond to the fuzzy sets in the input part 
and the output part,   is the number of fuzzy rules and   is the number of input value. The 
antecedents and consequents are combined together by logical statements (e.g. AND, 
OR…). 
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One of the main characteristics of the fuzzy logic based inference systems is their 
capability of mimicking human reasoning process. A human being can handle 
uncertainties and make decisions based on his/her experiences. This inspires the 
development of fuzzy inference system. Researchers sum up human‟s experiences to a 
group of fuzzy rules and develop a fuzzy inference engine which uses the group of fuzzy 
rules as a key component. The fuzzy inference engine is able to make decisions based 
on inaccurate or imprecise information in the same way as a human does. 
The ordinary fuzzy modelling techniques are not capable of modelling randomness and 
stochastic. However, many complex systems in real world may involve randomness in 
their behavious. Therefore, there is a need for a probabilistic fuzzy modelling approach. 
The method for developing the PFLS is described in this chapter. Similarly, the PFLS has 
a fuzzifier, an inference engine and a defuzzifier. The main difference between PFLS and 
conventional FLS is that the fuzzy rules used in PFLS are randomly selected from the rule 
set (Meghdad and Akbarzadeh [2003]). It can model the uncertainty of randomness. A 
probabilistic analysis method is used to decide the probabilistic fuzzy sets in PFLS. The 
defuzzifier uses a unique defuzzification method. PFLS system diagram is shown in 
Figure 4.1. The implementation of PFLS is simplified when the conditions are transformed 
into FLS version. 
 
Figure 4.1 Probabilistic fuzzy logic system (PFLS) 
A probabilistic fuzzy set, denoted as  ̃, can be presented as a tuple,         , where    
denotes the possible event set,          ,   is a input variable       and   is its 
membership degree,   represents the  -field,   denotes the probability distribution 
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defined on  . For all events in   ,  -field is the collection of events which can be assigned 
probabilities (Lin and Li [2005]). 
       ,    ∑    ∑                 (4.1) 
where    denotes a certain event where                       presents a certain 
membership degree value.       is the probability of   .   is the number of the elements 
in            . The probabilistic fuzzy set can be defined as the union of finite 
subprobability space which is shown as the following equation (Lin and Li [2005]): 
 ̃                   (4.2) 
If a crisp input is given, the membership degree of the corresponding input in 
conventional FLS is a single value. On the other hand, in PFLS, the membership degree 
of an input value is a random variable presented by a probability density function (PDF 
(Kadkhoda et al. [2010])). 
The function of the fuzzy inference engine in the PFLS is similar to ordinary FLS. It maps 
the input fuzzy sets into output fuzzy sets. The inference process includes the operations 
of union, intersection and complete operation like the ordinary fuzzy inference. 
In PFLS, the    rule of the fuzzy rule set can be formulated as:  
                 ̃               ̃                ̃      
          ̃  
where  ̃            ̅   ̅     and  ̃           are the probabilistic fuzzy sets of the 
input and output respectively;   ̅is the number of inputs;   is the number of fuzzy rules. 
This presents probabilistic fuzzy relationship between the input probabilistic fuzzy rules 
and the output probabilistic fuzzy rules ̃ ̃       ̃ ̅    ̃      , is defined as the probabilistic 
fuzzy relationship between the input space           ̅  and output space  . 
 ̃       ̃  ̅   ̃  denotes the Cartersian product of  ̃       ̃  ̅  and 
 ̃          (  ̃      ̃     ),  ̃      (  ̃    ̃   ). (Kadkhoda and Akbazadah [2013]) 
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4.5 Probabilistic Fuzzy Logic Based Range Free Localisation (PFRL) 
4.5.1 System model 
There are some assumptions made in the proposed algorithm PFRL: the anchor node 
continually transmits location information (e.g. anchor ID) to sensor nodes (Velimirovic 
[2010]). After receiving the location information, sensor nodes sample with the 2D 
coordinates of anchor nodes. Finally, all sensor nodes could obtain localisation messages 
broadcasted by the anchor nodes. Localisation message contain anchor ID, coordinates 
information along with RSS measurements. The proposed algorithm assumes that all 
anchor nodes sent out synchronised information to the target sensor node in order that 
the anchor information and localisation messages transmission is not overlapped in a 
time of period. Then the localisation message exchanged between anchor nodes and 
sensor nodes, sensor nodes and sensor nodes. Finally, all sensor nodes obtain the 
localisation messages. The system model is shown in Figure 4.2. 
RSS
Measurement
Probabilistic Fuzzy
Inference System
Position
Computation
Signal Parameters
Weight of Measurement
Unknown Node Location
Coordinates of 
Anchor Nodes
 
Figure 4.2 Steps of localisation using probabilistic fuzzy logic 
4.5.2 Measurement of RSS 
The RSS value is measured in the first step. The measured value is then converted to the 
distance using the transmission model. The edge weight of each anchor node is 
determined using RSS information. If the target sensor node received a higher powered 
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radio signal from the anchor node, the target sensor node would be near to corresponding 
anchor node. The edge weight should be bigger. On the contrary, if the target sensor 
node senses a lower powered radio signal from the anchor node, the target sensor node 
would be far from the anchor node and would obtain the smaller edge weight. In order to 
solve the uncertainty in RSS based localisation for WSNs, Probabilistic fuzzy system 
(PFS) is applied to model the non-linear relationship between RSS and edge weights. 
4.5.3 Fuzzy inference system 
The fuzzy inference system (FIS) is the heart of the fuzzy logic which does the logic part. 
FIS consists of two main parts: membership functions and fuzzy rules. 
Fuzzy sets are defined by membership functions (    ). A membership function describes 
the membership degree of a crisp value to the corresponding fuzzy set. A crisp value can 
belong to more than one fuzzy set with different membership degrees. A traditional set is 
a special fuzzy set where the membership degree of a given value is exactly 1 or 0. 
Unlike traditional sets, fuzzy sets model imprecise multi-valued quantity. 
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Figure 4.3 The trapezoid fuzzy bin of input RSS 
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where                 defines a trapezoid fuzzy bin shown in Figure 4.3. For example, the 
Low fuzzy set is modelled as                   and Medium fuzzy set is modelled as 
                 . The membership degree of a crisp value RSS=-68 is 0.2 in MED 
and 0.8 in LOW. 
Equation 4.4 describes the triangular membership function. 
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where            defines a triangular fuzzy bin shown in Fig. 4.4. For example, the Low 
fuzzy set is modelled as               and Medium set is modelled as              . 
The membership degree of a crisp value RSS=-55 is 0.75 in MED and 0.25 in LOW. 
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Figure 4.4 The triangular fuzzy bin of input RSS 
The membership functions define the relationship of the input and output to the system. 
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The input   is the RSS from anchor node taken values from 0 to       , where        is 
the maximum value of RSS. The output   is the weight of each anchor node for 
determining the sensor node‟s position. The output takes value from 0 to     , where 
     is the maximum value of weight. The input variable is mapped to five fuzzy sets: 
VeryLow (VL), Low (L), Medium (M), High (H), and VeryHigh (VH). The output spaces 
also consist of five bins: VeryLow (VL), Low (L), Medium (M), High (H) and VeryHigh (VH). 
The input and output membership functions in the Matlab simulation are shown in Figure 
4.5. Membership functions are chosen by common knowledge and experimental data. 
 
 
Figure 4.5 Fuzzy membership functions of input and output in Matlab Toolbox 
A fuzzy rule base is a set of fuzzy rules which represent the relation of linguistic variables 
by IF-THEN clause. The IF clause often contains the linguistic variable of input such as 
RSS and the THEN clause often contains the linguistic variable of output such as 
WEIGHT. The conventional fuzzy rules based for edge weight are shown in Table 4.1. 
Rule  : if        is      
Then           is        
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where      and        are fuzzy linguistic variables: VeryLow, Low, Medium, High, 
VeryHigh. 
Table 4.1 The conventional fuzzy rules for weight 
Rule If RSS is Then weight is 
Rule 1 VeryLow VeryLow 
Rule 2 Low Low 
Rule 3 Medium Medium 
Rule 4 High High 
Rule 5 VeryHigh VeryHigh 
Probabilistic fuzzy logic incorporates probability in fuzzy logic for modelling the 
randomness exists in the localisation in disaster environments. The fuzzy rule base of a 
probabilistic fuzzy logic system consists of probabilistic fuzzy rules. A conventional fuzzy 
rule (Lin and Li [2005]) is substituted with some probabilistic fuzzy rules. Each 
probabilistic fuzzy rule is associated with a probability value which defines the probability 
of using that rule. For example, a conventional fuzzy rule Rule 2 in the rule set described 
above can be substituted by probabilistic fuzzy rules: 
The probability of using the fuzzy rule “if RSS is low then weight is very-low” for the fuzzy 
inference is 10%. The probability of using the fuzzy rule “if RSS is low then weight is low” 
is 80%. The probability of using the fuzzy rule “if RSS is low then weight is medium” is 
10%. A probabilistic fuzzy rule can be defined as follow: 
Rule  : if        is      
Then           is        with Probability   
where      and        are linguistic variables: VeryLow, Low, Medium, High, VeryHigh. 
The probabilistic fuzzy rules in Matlab Toolbox are shown in Figure 4.6. 
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Figure 4.6 Probabilistic fuzzy rules in Matlab Toolbox 
The consequent part of probabilistic fuzzy rules can be represented by an output 
probabilities vector  . 
The probabilistic fuzzy rule set of the proposed probabilistic fuzzy logic system is shown 
as follows: 
Rule 1: If RSSis VL P=[1.0 0.0 0.0 0.0 0.0] 
Rule 2: If RSS is L P=[0.3 0.7 0.0 0.0 0.0] 
Rule 3: If RSS is M P=[0.0 0.3 0.4 0.3 0.0] 
Rule 4: If RSS is H P=[0.0 0.0 0.0 0.7 0.3] 
Rule 5: If RSS is VH P=[0.0 0.0 0.0 0.0 1.0] 
 
It can be seen that the PFLS is an extension of the ordinary FLS. The PFLS can be 
regarded as the ordinary FLS when varying the parameters of the model of PFLS. In 
other words, ordinary FLSs are special cases of PFLSs with zero degree of randomness. 
The PFLS converts a RSS value received from a message transmit by an anchor node 
into weight value (  ) between target sensor nodes and anchor nodes. Figure 4.7 
presents an example for fuzzification process in FLS. In Figure 4.7 (a), when the RSS is 
76dBm, it has two membership degrees        to the fuzzy sets VeryLow and Low. The 
two fuzzy sets for RSS are mapped to the fuzzy sets for WEIGHT by two fuzzy rules, Rule 
  and Rule  . the fuzzy rules defined the mapping from the input fuzzy sets to the output 
fuzzy sets. In Figure 4.7(b), the two fuzzy sets indicate the membership degrees 
          of the RSS.    and    indicate the Centre of Gravity (CoG) of the trapezoids. 
The trapezoids are formed by mapping the input fuzzy sets into the output fuzzy sets. 
(VERYLOW and LOW). The mapping is conducted through two rules: Rule   and Rule  , 
which are “Rule  : IF RSS is LOW, THEN weight is LOW with   ” and “Rule  : IF RSS is 
VERYLOW, THEN weight is VERYLOW with   ”. 
68 
 
Typically, a single RSS value will be mapped into multiple input fuzzy sets which match 
multiple fuzzy rules. Each fuzzy rule generates a horizontal line that slices the 
corresponding output fuzzy set into two parts. A set of centre of gravities of the trapezoids 
below the horizontal lines are calculated. The set is denoted as                in 
Figure 4.7. The centre of all points in the set of Q is calculated, denoted as   . The value 
of the intersecting point of the vertical line that crosses    and the horizontal axis (Weight) 
is the output weight value. 
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Figure 4.7 The fuzzification process for an input RSS value 
As described in Figure 4.8, a target node        is considered to be connected with four 
anchors              . A probabilistic fuzzy rule set is used to map fuzzy sets for RSS 
from each anchor to fuzzy set for WEIGHT values      : Four anchors located at 
       ,                            are used to localise a sensor node         
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Figure 4.8 An example of a sensor node connected to 4 anchor nodes 
4.5.4 Calculating the coordinates 
After computing the weights between the anchor nodes and sensor nodes, the WCL is 
employed to estimate the location of unknown sensor nodes following the WCL 
procedures. The weighted Centroid localisation algorithm is based on Centroid 
localisation algorithm shown in equation 4.5. The classical Centroid localisation algorithm 
calculates the position of target sensor nodes using computing the Centroid of the 
coordinates of anchor nodes, which a communication has been established during the 
measurement. The formulation of the Centroid is as follows: the receiver (the unknown 
sensor node) can be localised the area regarded as the intersection of a range of anchor 
nodes, which is denoted by the Centroid in formula 4.5 (Xu et al. [2011]): 
            (
       
 
 
       
 
)  (
∑   
 
   
 
 
∑   
 
   
 
) 
(4.5) 
where            is estimated location of the unknown nodes,                 are the 
coordinates of anchor nodes respectively,   is the number of the anchor nodes;. When 
the unknown sensor node communicates with all anchor nodes, the Centroid algorithm 
results the centre of the anchors coordinates. 
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The Centroid algorithm assumes all the anchors equal near the target unknown sensor 
node. Since this assumption is most likely not satisfied the introduction of a function which 
assigns a greater weight to the anchors closest to the target was proposed. The result is 
the weighted Centroid localisation algorithm (WCL). In WCL, anchor nodes pass their 
position information to an unknown target node and the target node calculates its position 
as the following weighted Centroid in formula 4.6 (Xu et al. [2011]): 
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(4.6) 
4.6 Simulation Results 
The PFRL algorithm is implemented in Matlab, and several simulations conducted to 
evaluate its performances. To theoretically check the positioning using probabilistic fuzzy 
logic, there are 15 sensor node placed in the 6*6 square area (8 anchor nodes and 7 
target nodes) in Figure 4.4. The blue „*‟s represent the actual coordinates of the target 
nodes; the red „+‟s represent the calculated coordinates of the target nodes and the black 
„o‟s represent the anchor nodes. The assumed RSS values by each node are presented 
in Table 4.2. Table 4.3 4.4 show the calculated distances between the anchor nodes and 
the target node. The distribution of the assumed positions of target nodes and the 
estimated positions is shown in Figure 4.9. As can be seen from the figure, the 
coordinates calculated using probabilistic fuzzy logic is quite accurate. The calculated 
localisation error (ALE) is 0.2057m. 
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Table 4.2 RSS values measured by the anchor nodes 
RSS measured between the nodes (dBm) 
Anchors A(2,1) B(3,3) C(4.5,2) D(4,5) E(0.5,3.5) F(1.5,4.5) G(2.5,1.5) 
N1(0,3) -73.32 -74.34 -81.8 -81.28 -49.23 -68.32 -73.84 
N2(3,0) -61.28 -74.34 -71.17 -83.55 -80.6 -82.3 -63.21 
N3(6,3) -81.28 -74.34 -65.49 -73.32 -84.94 -82.3 -78.48 
N4(3,6) -83.55 -79.36 -80.48 -61.28 -77.19 -68.32 -81.49 
N5(0.0) -68.23 -79.36 -81.95 -86.51 -76.19 -81.3 -72.84 
N6(6,0) -78.86 -79.36 -70.17 -83.5 -86.82 -86.4 -77.48 
N7(6,6) -86.51 -79.36 -79.48 -68.23 -85.5 -81.3 -84.49 
N8(0,6) -83.5 -79.36 -85.44 -78.86 -70.51 -67.32 -82.72 
 
 
 
 
 
 
 
Table 4.3 Calculated distances between the anchor nodes and unknown nodes 
Calculated distance between the nodes (m) 
Anchors A B C D E F G 
N1 2.87 3.044 4.678 4.538 0.7176 2.153 2.959 
N2 1.435 3.044 2.537 5.174 4.365 4.814 1.605 
N3 4.538 3.044 1.829 2.87 5.604 4.814 3.864 
N4 5.174 3.044 4.335 1.435 3.588 2.153 4.595 
N5 2.142 4.065 4.718 6.134 3.387 4.544 2.793 
N6 3.95 4.065 2.395 5.159 6.245 6.097 3.648 
N7 6.134 4.065 4.093 2.142 5.788 4.544 5.462 
N8 5.159 4.065 5.768 3.95 2.442 2.032 4.932 
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Table 4.4 Calculated weights between the anchor nodes and unknown nodes 
 Calculated weight between the nodes 
Anchors A B C D E F  G 
N1 0.2124 0.2095 0.04667 0.04667 0.7905 0.5  0.2105 
N2 0.6744 0.2095 0.3561 0.04667 0.04667 0.04667  0.5128 
N3 0.04667 0.2095 0.5 0.2124 0.04667 0.04667  0.04667 
N4 0.04667 0.2095 0.04667 0.6744 0.1255 0.5  0.04667 
N5 0.5 0.04667 0.04667 0.04667 0.2119 0.04667  0.2141 
N6 0.04667 0.04667 0.4873 0.04667 0.04667 0.04667  0.07182 
N7 0.04667 0.04667 0.04667 0.5 0.04667 0.04667  0.04667 
N8 0.04667 0.04667 0.04667 0.04667 0.4656 0.5  0.04667 
 
 
 
 
 
 
 
Table 4.5 Calculated coordinates of the target nodes 
Nodes X  Y Error (m) 
A 1.854 0.9982 0.1464 
B 3 3 0 
C 4.701 1.573 0.4721 
D 4.146 5.002 0.1464 
E 0,762 3.56 0.2688 
F 1.431 4.569 0.09791 
G 2.232 1.348 0.3082 
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Figure 4.9 The test node deployment generated from 15 sensor nodes 
Then the test network is extended to 300 sensor nodes and 60 anchor nodes. The 
network area is set to 1000*1000    in square random deployment model. All sensor 
nodes in a WSN have a communication radius of 200m. In Figure 4.10: the red „*‟s 
represent anchor nodes; blue ‟0‟s represent unknown nodes. The parameters are set to 
GPS_error=0.2; the communication model is a regular model; communication radius is 
200m; communication radius of anchors is 200m; the average connectivity is 6.933; the 
average number of neighbour nodes is 1.483.  Simulation results are that 192 nodes are 
localised. The localisation error is 0.0392. It is shown that the proposed algorithm is an 
effective solution for WSNs with several hundred nodes is possible. Therefore, the 
network can be extended to networks with thousands of sensor nodes. 
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Figure 4.10 Test WSNs generated from 300 randomly placed nodes: (a) sensor deployment (b) the 
relationship between neighbour nodes (c) localisation error 
4.6.1 Square regular deployment model impact 
The simulation results of the proposed algorithm PFRL in square regular deployment 
model are shown in Figure 4.11: There are 121 sensor nodes including 24 anchor nodes 
deployed randomly in the square area of 1000*1000m
2
. The red „*‟s represent anchor 
nodes; blue‟0‟s represent unknown nodes. The parameters are set GPS_error=0.2; the 
communication model is regular model; communication radius is 200m; communication 
radius of anchor is 200m; the average connectivity is 5.137; the average number of 
neighbour nodes is 0.852. Simulation results are that 30 nodes are localised. The 
localisation error is 0.0254. 
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Figure 4.11 WSNs in square regular deployment model: (a) sensor deployment (b) the relationship 
between neighbour nodes (c) localisation error 
4.6.2 C regular deployment model 
The simulation results of the proposed algorithm PFRL in C regular deployment model 
are shown in Figure 4.12: There are 100 sensor nodes including 20 anchor nodes 
deployed randomly in the square area of 1000*1000m
2
. The red „*‟s represent anchor 
nodes; blue‟0‟s represent unknown nodes. The parameters are set to GPS_error=0.2; the 
communication model is regular model; communication radius is 200m; communication 
radius of anchor is 200m; Simulation results show the localisation error is 0.031181 and 
the network connectivity is 6.7934; the average numbers of neighbour anchor nodes are 
0.6942. (The number of neighbour nodes is determined when the distances between 
sensor nodes and anchor nodes are no more than 1/2 communication radius.) 
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Figure 4.12 WSNs in C regular deployment model: (a) sensor deployment (b) the relationship 
between neighbour nodes 
4.6.3 C random deployment model 
The simulation results of the proposed algorithm PFRL in C random deployment model 
are shown in Figure 4.13: There are 300 sensor nodes including 44 anchor nodes 
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deployed randomly in square area of 1000*1000m
2
. The red „*‟s represent anchor nodes; 
blue‟0‟s represent unknown nodes. The parameters are set to GPS_error=0.2; the 
communication model is regular model; communication radius is 200m; communication 
radius of anchor is 200m; the average connectivity is 8.2833; the average number of 
neighbour nodes is 1.6208. The simulation results show that the localisation error is 
0.07144. 
 
 
Figure 4.13 WSNs in C random deployment model: (a) sensor deployment (b) the relationship 
between neighbour nodes 
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4.7 Comparison Results 
This section describes more detailed of the comparison results from the proposed PFRL 
with 3 typical range-free localisation algorithms (DV-Hop localisation algorithms, 
Amorphous localisation algorithm, Centroid localisation algorithm) described in previous 
Chapters. A set of simulations are investigated covering a range of system parameters 
such as 1) number of anchors (NA), 2) node density (ND), 3) anchor communication 
radius (ACR), 4) communication models (e.g. DOI communication model) and 5) GPS 
error. The performance criteria comparing to the existing localisation to evaluate the 
proposed algorithm is localisation error (LE). 
4.7.1 Localisation error when varying number of anchors (NA) 
In this simulation, the impact of the NA on localisation error is presented. There are 300 
sensor nodes including 20 anchor nodes tested in designed WSNs. Simulations are 
executed in the regular communication model. The system parameters are set to 
GPS_error is 0, anchor communication radius is 20 m. The impact of anchor percentages 
on localisation error is shown in Figure 4.14. As the number of anchors is increasing, the 
localisation error is decreasing. This is due to each sensor node (target unknown node) 
can hear more multi-hop neighbour nodes (connectivity). The localisation error in the case 
of PFRL is lower comparing to the other three range free localisation algorithms. PFRL 
has 20% more accurate than the other range free localisations. Deploying a larger 
number of anchors results in the improvement of localisation accuracy. However, it will 
increase the cost of the whole sensor nodes. The cost of anchor nodes is higher than the 
ordinary sensor nodes. It is shown that the localisation accuracy is only slightly improved 
when the number of anchors is more than 0.45. 
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Figure 4.14 Localisation error when varying number of anchors 
4.7.2 Localisation error when varying anchor heard (AH) 
In this simulation, the impact of changing anchor heard (AH) are analysed at sensor 
nodes to determine the effect on localisation accuracy. Figure 4.15 indicates that the 
localisation error is decreasing as the number of node density is increasing. It can be 
seen that different algorithms have different transition points. Figure 4.15 can extends the 
AH to higher values and the simulation results are similar. Overall, the effect of 
localisation error on the range free localisation algorithms are reduced by increasing AH 
values. 
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Figure 4.15 Localisation error when varying anchor heard 
4.7.3 Localisation error when varying anchor communication radius (ACR) 
In this simulation, the influence of the anchor communication radius (ACR) on localisation 
error is analysed. Figure 4.16 indicates the localisation error (LE) is decreasing as the 
ACR is increasing at the beginning. Then the localisation error increases constantly as 
the ACR increase after the corresponding transition points. This is because the 
accumulated error becomes larger as the beacon propagation distance increases. The 
performance of PFRL algorithm is robust to ACR and becomes insensitive as the ACR is 
increasing. 
Section 4.7.1 has shown that for better localisation results, a large amount of anchors is 
required. The cost of larger anchor numbers can be reduced by using anchor nodes with 
long anchor communication radius (ACR). The anchor nodes with large ACR can have 
larger beacon propagation distances. Therefore the number of required anchor nodes 
could be reduced. 
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Figure 4.16 Localisation error when varying anchor communication radius 
4.7.4 Localisation error when varying GPS error 
GPS based systems or alternative systems which provide anchor nodes with location 
information are considered as no localisation error in previous sections simulations. GPS 
error (GE) is not anisotropic which means that the localisation error (LE) can be produced 
in any direction in random node deployment. Fig. 4.17 demonstrates how default value of 
localisation error (LE) has potentially impact on localisation accuracy of the range-free 
localisation algorithms. The localisation error of four range-free localisations is increasing 
at a lower rate when GE is increasing. In general, GPS error can be reduced considerably 
by utilising location information from multiple anchor nodes. In this condition, GE has 
smaller impact on LE. 
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Figure 4.17 Localisation error when varying GPS error 
4.8 Evaluations under Disaster Scenarios 
4.8.1 Localisation error when varying different communication models 
In this Section, range free localisation algorithms are simulated when varying different 
values of DOI in WSNs. The effect of DOI parameters on localisation accuracy is 
investigated. As discussed in Chapter 3, the parameter DOI is denoted as the degree of 
irregularity radio pattern. “It is defined as the maximum signal variation per unit degree 
change in the direction of radio propagation.” When DOI value is set to 0, there are no 
changes in the radio range which the communication model defaults to the ideal ranging 
model. When DOI>0, large DOI values represent large variation of radio irregularity. In 
the simulations, the impact of DOI on the localisation accuracy is shown in Figure 4.18. In 
the diagram, it is observed that the localisation errors of these localisation algorithms are 
increasing as the increase of DOI. When DOI is defaulted to 0 which the simulation is in 
regular communication model, the localisation error is 0.34574, for PFRL, 0.30092, 
0.23243 and 0.322 for DV-hop, Amorphous and APIT respectively. When the DOI is set to 
0.02, the localisation error is 0.4158 for PFRL, 1.1593, 1.7117 and 0.77306 for DV-hop, 
Amorphous and APIT respectively. In conclusions, the radio propagation model becomes 
more irregular as the DOI is increasing. The localisation accuracy is decreasing as the 
DOI is increasing. PFRL performs better than the other three range free localisation 
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algorithms. 
 
Figure 4.18 Localisation error when varying DOI 
Fig. 4.18 shows that the network topologies of sensor nodes are affected by the irregular 
radio patterns in Amorphous localisation algorithm and DV-hop algorithm due to the 
irregular hop count distributions existed. The hop size formula used in the Amorphous 
localisation algorithm does not consider the conditions in irregular radio communication. 
Figure 4.18 shows how this inaccurate occurred lead to localisation error as the increase 
of DOI. On the contrary, the DV-hop localisation algorithm compute hop size using online 
information exchanged between anchor nodes. Compared to the results of Amorphous 
localisation algorithm, DV-hop has better performance even though they are all belong to 
DV-based localisation algorithms. In the diagram, it can be seen that the performance of 
PFRL and Centroid localisation are not affected by the number of hop-count and hop size 
estimates. As the increase of DOI value, the PFRL and Centroid localisation are more 
stable/robust than the DV-hop localisation and Amorphous localisation. This is because 
the gathered anchor nodes information by sensor node could reduce the impact of DOI 
value. 
4.8.2 Localisation error when varying different node deployment 
In this simulation, the influence of the different node deployment on localisation error is 
analysed. Sensor nodes are distributed in the C random deployment model. By 
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comparing Figure 4.19 and Figure 4.14, it shows that the DV-base localisation algorithms 
are largely influenced by unstable factors than PFRL and Centroid localisation algorithm 
when the sensor nodes are deployed in the irregular environments. This is mainly due to 
the fact that HopSize estimation in the DV-hop and Amorphous algorithms is less precise 
in non-isotropic (anisotropic) node deployment. 
 
Figure 4.19 Localisation error when varying number of anchor 
4.8.3 Analysis 
A set of simulations are conducted when varying a range of system parameters. 
Simulation results show that range-free localisation algorithms are affected by different 
factors. For example, DV-based localisation algorithms are simple to implement and 
deploy and can be used when no ranging information is available, however, it is not better 
to be used when the network is not isotropic (e.g. C random model) and ranging errors 
are too high (e.g. DOI model). 
The performance of the PFRL algorithm does not rely on node density and it has the 
advantage of smallest communication overhead and simple implementation. For example, 
DV-hop localisation algorithm needs more anchor nodes performing online localisation 
estimation. However, it is more robust than the Amorphous localisation algorithm when 
performing HopSize estimation. DV-hop localisation algorithm, on the other hand, needs 
more anchor nodes than the Centroid localisation algorithm. This is due to the 
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neighbourhood nodes information exchanges. To sum up, DV-Hop localisation algorithm 
requires more sensor nodes than the Amorphous localisation algorithm for online 
HopSize estimation. The DV-Hop and Amorphous localisation algorithms are not suitable 
for sensor networks with limited width in compare with the PFRL and Centroid localisation 
algorithms. This is because the DV-Hop and Amorphous algorithms require large amount 
of anchor nodes. 
WSNs are made of sensor nodes with limited energy capacity and processing. The 
sensor communication operation consumes the most of energy using simple flooding 
broadcasting mechanism. DV based localisation has large communication requirements 
because of the average hop size correction it uses to estimate distances. The 
communication costs could be greatly reduced using more efficient broadcasting 
mechanisms. 
4.9 Summary 
Disaster applications of WSNs are determined by the accurate location of all sensor 
nodes. In this chapter, a probabilistic fuzzy logic based range-free localisation algorithm 
(PFRL) is described and investigated in order to solve the problems existing in range-free 
localisation algorithms. The novelty of the proposed localisation algorithm is to apply 
probabilistic fuzzy logic system to RSS based range-free localisation algorithm for 
performing sensor localisation in an area of disaster recovery and rescuing in built 
environment. Fuzzy logic based algorithms can solve the uncertainty related to RSS 
affected by the environments more efficiently with smaller number of anchors. 
PRFL is proposed for disaster environments. The system uses probabilistic fuzzy logic 
based range-free to calculate the position of the sensor nodes deployed in an area of 
interest. The proposed PFRL algorithm has been evaluated in terms of localisation error 
in different network scenarios including regular deployment, random deployment, C 
regular deployment and C random deployment which is particularly representing the 
disaster scenarios. Simulations results show that PFRL algorithm performances well and 
achieve high reliable localisation accuracy in different deployment models. In addition, the 
proposed PFRL is not sensitive to the irregular environment changing. The PFRL 
algorithm is compared through extensive simulations with three classical range-free 
localisation algorithms (namely DV-hop localisation algorithm, Amorphous localisation 
algorithm and Centroid localisation algorithm) based on localisation error metric when 
varying a wide range of system parameters such as number of anchors, GPS error, node 
density, anchor communication radius. The PFRL provides better position estimations 
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than the other range-free localisation algorithms particularly when the position 
measurements are affected by high uncertainty in disaster environments. The proposed 
PFRL algorithm performs better than the other range-free localisation algorithms. For 
example, it improves the localisation accuracy about 15-30% when varying different 
system parameters under different communication models. 
Sensor networks could contain heterogeneous sensor network and some sensor nodes 
could be moving. Therefore, sensor topology could be changing affected by the 
surrounding environments. In the following Chapters, the three-dimensional of the sensor 
network space will be designed for the proposed PFRL algorithm in Chapter 5 and the 
mobile sensor networks will be discussed in Chapter 6 in order to support disaster 
scenarios in WSNs.  
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CHAPTER 5  THREE-DIMENSIONAL DISASTER 
LOCALISATIONS IN WIRELESS SENSOR 
NETWORKS 
 
5.1 Introduction 
Sensor localisations in three-dimensional (3D) space address the need to estimate 
sensor nodes‟ locations in 3D WSNs. In disaster scenarios, for example, if WSNs are 
applied to sense fire trends in a building, sensor node deployment may not be limited to 
2D environments. This chapter presents an effective fuzzy logic based range-free 
localisation algorithm for 3D-WSNs (3D-PFRL). The proposed 3D sensor localisation 
algorithm extends the 2D proposed localisation algorithm PFRL considering the 
constraints and requirements in 3D WSNs. Adjustments to 2D environments are 
described in this chapter to demonstrate the effectiveness of 3D sensor localisations. A 
3D weighted Centroid localisation algorithm is employed to localise the nodes. The 3D-
PFRL has been compared with the concentric sphere localisation algorithm (CESE) in 
terms of localisation accuracy when varying the system parameters such as number of 
anchors and degree of irregularity (DOI). 
In this chapter, simulation results show that the proposed 3D-PFRL has high localisation 
accuracy when varying different system parameters such as the number of anchor nodes. 
Furthermore, the 3D-PFRL algorithm counts out some communications between the 
unknown nodes which could prolong the life of WSNs and save the energy of sensor 
nodes. Moreover, 3D-PFRL is flexible to the number of anchor nodes and network 
topologies. 
5.2 Related Work 
Zhang et al. [2006] introduced a robust 3D localisation solution called landscape-3D for 
target tracking to decrease the localisation error and improve algorithm applicability in the 
paper of Yu et al. [2008]. Landscape-3D uses 3D sampling and range constraint to 
acquire 3D coordinates of target nodes. The algorithm can be executed in a hop-based or 
range-based mode according to different node functions. Mautz et al. [2007] proposed a 
geometric centralised optionally anchor free localisation algorithm based on clusterisation, 
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multilateration and geodetic network adjustment. The method avoids fold ambiguities by 
statistical tests on the robustness of the minimally stable structure in 3D. A rigid cluster is 
expanded by a robust approach for multilateration. The algorithm is capable of obtaining 
the least-squares solution reliably in the presence of measurement noise levels of up to 7% 
of the ranges. Abdelsalam and Olariu [2009] presented a 3D-localisation technique with a 
terrain modelling capability. In their approach, the horizontal plane where the sensor lies 
is first determined. Then, the nearest three anchors to the sensor are projected onto the 
plane. At last, RSSI-based distance measurement and trilateration techniques are applied 
to obtain the sensor location. After the localisation, Delaunay triangulation is used to the 
deployment terrain with a mesh. 
Recently, Li et al. [2010] proposed a 3D concentric sphere-based localisation (CSBL) 
algorithm in WSNs. In their algorithm, sensor nodes working on two proximate powers 
form concentric spheres. Anchor nodes are located between the spheres. Localisation is 
performed based on these anchors. Stoleru et al. [2012] designed a localisation system 
called Spotlight which uses spatiotemporal properties of well-controlled events in the 
network and the light is used to obtain sensor nodes location. However, the size of the 
sensor field is limited. Tan et al. [2010] presented a connectivity-based and anchor-free 
3D Localisation algorithm for large scale sensor networks with concave regions. The 3D 
algorithm discovered the notch nodes, where shortest paths bend and hop-count-based 
distance starts to significantly deviate from the true Euclidean distance. An iterative 
protocol is developed to use a notch-avoiding multilateration mechanism to localise the 
target nodes in WSNs. Xing et al. [2011] presented a distributed range-free localisation 
algorithm (3D-DRL) for 3D WSNs which can be applied to irregular radio propagation 
environments. In their algorithm, the sensing space of a node is partitioned into cubic 
cells. The size of the cubic cells is decided by size of the sensing space. Each anchor 
votes for each cubic cell. Each target node‟s location is estimated as the average of the 
centre of growing (CoG) of with highest probability. Feng et al. [2012] presented a multi-
hop localisation algorithm that use distance estimation as a bias for 3D WSNs. In the first 
step, the intersections or pseudo-intersections of bounding cubes are calculated. The 
normal node feasible regions are obtained from the intersections. After that, the nodes‟ 
location and the bias are calculated simultaneously by using the projected Levernberg-
Marquardt method. Zhang et al. [2012] proposed a 3D anchor free localisation (3DAFL) 
algorithm for 3D-WSN in large scale areas. The algorithm is AOA based following a two-
phase process. In the 1
st
 phase, each node is used as an origin to build a local coordinate 
system (LCS). The locations of neighbour nodes are calculated with respect to the LCSs. 
In the 2
nd
 phase, the LCSs are converged to generate a global coordinate system by 
using homogeneous coordinate transformation. Dou et al. [2010] proposed a three-
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dimensional positioning based on multidimentional scaling and received signal strength 
(3D-MDS-RSSI) in WSNs. They use RSS attenuation of the empirical model and shortest 
hop path to compute the distance between the nodes and establish dissimilarity matrix. 
Jiang et al. [2013] put forward a fast range-based node localisation method for UWB in 
3D WSNs. They develop a modified propagator method (MPM) for TOA estimation in 
frequency domain. They use 3D Chan algorithm combined with multilateral localisation 
instead of trilateral localisation. Zhao et al. [2012] introduced a layered approach called 
single-value surface network to improve the localisability of discrete 3D-WSNs. A layered 
3D localisation algorithm is presented in this paper covering 1) Layer Slicing 2) Layer 
Localisation 3) Layer suturing to transfer the ordinary 3D surface WSNs to a range of 
single value surface WSNs in order to improve localisability. 
Most existing localisation algorithms are based on 2D space in WSNs. Moreover, the 
communication model in existing 3D WSNs is usually an ideal sphere in 3D space and is 
limited to the real environments. For example, nodes are deployed in regular network 
structure, which are considered ideally. In realistic environment, the nodes deployment 
cannot be distributed perfectly. Generally, the nodes are arranged depending on the 
location surroundings. The performance can be compared between different deployment 
styles of nodes: uniform deployment or random deployment. Furthermore, there is no 
fuzzy logic based range free localisation proposed for the localisation in WSNs to solve 
the problem in 3D space. 
5.3 Three-dimensional Sensor Localisation Geometry 
The 2D version of PFRL has been modified in order to employ into 3D-WSNs. The 
assumptions and constraints designed for 2D scenarios in the precious chapters are 
modified to apply in 3D scenarios. In the 2D case, three anchors are selected whether 
they are on a line and they are independent. Instead, four independent anchors are 
checked whether they are on a plane in the 3D case. The 2D WSNs are employed to the 
3D WSNs with the relevant modification of requirements and mechanism in 2D sensor 
nodes. For instance, some constraints for sensors in 2D WSNs are developed with at 
least three adjacent anchor nodes to localisation with a high precision utilising 
neighbouring anchor nodes‟ information. This is extended with the requirements of at 
least 4 distance measurements to 4 or more anchor nodes. There are some 
considerations whether the sensor nodes are on the same plane or not. Location 
calculation in 3D WSNs in Figure 5.1 (a) and (b): where a sensor node is at the 
connectivity range of sensors, where   is the position of sensor node and   is 
communication radius of the anchor nodes             . 
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Figure 5.1 Location calculations in 3D WSNs 
In Figure 5.1 (b), a sensor node           is connected to four anchor nodes which their 
positions are             ,              ,               and             .          and    
are the four measured distances between the sensor nodes and anchor nodes 
respectively. The four spheres centred at anchor nodes                   with radius   , 
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  ,    and    put the target unknown node   on a circle defined by the following 
procedures by four spheres‟ surfaces in Equation 5.1. 
      
        
        
    
  
      
        
        
    
  
      
        
        
    
  
      
        
        
    
  
(5.1) 
Therefore, in order to localise a sensor node in ideal conditions (no-noise), it requires at 
least four measured distance from minimum four connections between sensor nodes and 
anchor nodes. 
Since it is difficult to place sensor nodes manually in a disaster scenario, they are usually 
dropped from airplane. Therefore the sensor nodes may be deployed on the surface of 
terrain. However, a 3D position cannot be resolved if all of the anchor nodes reside on a 
single plane. Therefore 3D localisation algorithm needs to differentiate the real position of 
a sensor node from the position of its image relative to the surface place. This problem 
may be solved if the depth information is employed which is typically available to sensor 
nodes (e.g. in a volcano disaster environment). Specifically, given the depth of sensors, 
the positions of the anchor nodes can be mapped to the plane containing the unknown 
node. This mapping can effectively transform the problem of 3D localisation into a 2D 
positioning problem so that many of localisation techniques for 2D terrestrial sensor 
networks become applicable. The followings are some graph definitions related to the 3D 
network localisation problem. 
The problem of localisation is to determine the location for unknown nodes in WSNs given 
the locations of some anchor nodes (with beacon information) and the knowledge of 
some inter-node distances, which can be the real physical distances or some virtual 
distances such as the number of hops. A node is localisable if its location can be 
determined; otherwise, the node is unlocalisable. Given sensor network described by 
graph theory        , where   is a number of sensor nodes and   is a number of 
edges between any two neighbour nodes within their transmission radius, the problem of 
localisation in 3D can be formulated as follows (Zhao et al. [2012]): 
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 Input :                     
 Output:                  
where            is the coordinate of node   and     is the distance between node   and 
its neighbour node  . The network is localised (or localisable) or partially localised if the 
problem of localisation is solved or can be solved. 
5.4 Evaluation Criteria for 3D Localisation in Wireless Sensor Networks 
In this section, some metrics which define the localisation errors in 3D WSNs are 
described: mean absolute error, frobenius (FROB), global energy ratio (GER), and 
average relative deviation (ARD) (Mao and Fidan [2009]). 
1) Mean absolute error (MAE) 
    
∑ √      ̂           ̂           ̂    
 
   
 
 
(5.2) 
where   ̂    ̂    ̂    and               are the estimated and actual coordinates of sensor 
nodes, respectively; n is the number of sensor nodes in the network. The maximum error 
produced in the localisation estimates is shown in equation 5.3 (Mao and Fidan [2009]). 
MAE is used in 3D LWSNs simulations in the thesis. 
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2) Frobenius (FROB) 
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(5.4) 
95 
 
where     is the actual distance between node   and node   ;  ̂    is the calculated distance 
between the nodes and   is the number of sensor nodes in WSNs (Mao and Fidan 
[2009]). 
3) Global energy ratio (GER) 
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(5.5) 
( ̂        ) is defined as the distance error between the calculated distance and actual 
distance. The calculated distance  ̂   is estimated by ranging techniques. The distance 
error is normalised to the percentages of the actual distance (Mao and Fidan [2009]). 
4) Average relative deviation (ARD) 
Average relative deviation (ARD) is shown in Equation 5.6 (Mao and Fidan [2009]) which 
is the normalised average of the estimate. 
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(5.6) 
5.5 3D Localisation Simulation Setup 
In the 3D WSNs, in addition to sensor nodes (unknown sensor nodes/target sensor 
nodes), anchor nodes normally have prior coordinates information of localisation and play 
a key role on the ordinary sensor nodes in 3D-WSNs. For instance, anchor nodes have 
more powerful ability with GPS, which send out localisation information to sensor nodes 
to be localised. The unknown sensor nodes receive the information such as anchor ID, 
power level, anchor position and communication range from anchor nodes. Then they 
save the relevant information and calculate their own positions. Anchor nodes sometimes 
can adjust the communication range and power level of signal. The target unknown nodes 
are able to be localised using minimum four anchor information from close anchor nodes 
in 3D-WSNs. (Xing et al. [2011]) 
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The proposed algorithm 3D-PFRL needs each anchor to continually broadcast location 
information containing anchor ID. When obtaining an anchor message, each anchor node 
and sensor node sample the RSS together with the ID of the transmitting anchor. At the 
end of this period, all anchors broadcast localisation messages to neighbour nodes. 
Localisation information contains anchors ID and coordinates as well as RSS information. 
There are some assumptions: each anchor nodes are synchronised in order that their 
anchor information and localisation message propagations do not overlap in period. To 
this end, each target nodes know the coordinates of adjacent anchor nodes and the RSS 
information between the anchor nodes and target sensor nodes (Velimirovic [2010]). The 
system model is shown in Figure 5.2. This diagram shows the steps of the localisation 
using 3D-PFRL which includes RSS measurements, probabilistic fuzzy logic (PFL) and 
3D weighted Centroid localisation algorithm (3D-WCL). In the proposed 3D localisation 
algorithm, first   adjacent anchor nodes           ...             are found which are 
connected to the unknown node         to be localised. Then the probabilistic fuzzy logic 
system (PFL) including fuzzy membership functions and probabilistic fuzzy rules is 
developed based on RSS information between the unknown nodes and anchor nodes. 
After calculating edge weights, a 3D-WCL is employed to localise the node   ̂  ̂  ̂ . 
An unknown node (x, y, z)
….),,( 111 zyx ),,( nnn zyx),,( 222 zyx
RSS
Anchor Nodes
PFL
3D WCL
Calculated position
  )ˆ,ˆ,ˆ( zyx
3D-PFRL
 
Figure 5.2 Steps of localisation using probabilistic fuzzy logic (PFL) in 3D WSNs 
5.5.1 3D weighted Centroid localisation algorithm 
97 
 
3D weighted Centroid localisation algorithm (3D-WCL) (Xu et al. [2011]) is extended from 
2D weighted Centroid localisation algorithm (2D-WCL). The coordinate information of the 
sensor nodes in   axis has been taken into account. Each sensor node has a 3D position 
in  ,  , and   axis. Unlike 2D situation, the threshold in 3D localisation algorithm refers to 
the radius of a sphere whose centre is an unknown target sensor node. 
The 3D WCL estimate the node location by the following procedure. The positions of 
adjacent anchor nodes are                                   , respectively. Anchor 
nodes pass their position information to unknown target nodes and target node calculate 
its position as following 3D weighted Centroid formula 5.7 (Xu et al. [2011]): 
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(5.7) 
where                                   are anchor nodes,   is the numbers of the 
anchor nodes;                  is estimated location of the unknown node. The 3D 
weighted Centroid localisation algorithm which estimates the location of the target node is 
shown as in equation 5.8, 
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(5.8) 
Where   is the weight between the target nodes and the anchor nodes, estimated 
through the RSS of the visible anchor nodes. Weight is the contribution of each anchor 
node. 
5.5.2 Simulation conditions and parameters 
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In this section, some simulation results are conducted in order to present the 
implementation of the 3D-PFRL algorithm in 3D WSNs. The evaluation metric used for 
the simulation is mean absolute error (MAE) defined in Section 5.4. The localisation error 
is used to show the degree of the localisation accuracy that the 3D localisation algorithms 
can achieve. Smaller localisation errors indicate better localisation accuracy. 
General 3D WSNs consist of tens and hundreds of ordinary sensor nodes. These sensor 
nodes are placed randomly or evenly throughout the distribution terrain. Similar to the 2D 
sensor node deployment, in addition to sensor nodes (unknown sensor nodes/target 
nodes), there are anchor nodes which in general have known location. To evaluate the 
performance of the proposed 3D-PFRL algorithm in the simulation,   sensor nodes are 
deployed in a cubic region  . The node locations are distributed using a random/even 
placement model. The values of   and   are chosen depend on the communication range. 
Simulation results based on 3D-PFRL algorithm are illustrated in the Figure 5.3. There 
are 240 sensor nodes and 48 anchor nodes deployed randomly in the space of 
1000*1000*1000m
3
. The red „*‟s represent anchor nodes; blue‟0‟s represent unknown 
nodes; green „0‟s represent unresolved nodes. The parameters are set to GPS_error=0.2; 
the communication model is a regular model; the communication radius is 200m; the 
communication radius of anchor is 200m; the average connectivity is 6.2083. Simulation 
results show that 192 nodes are localised. The localisation error is 0.0253. Figure 5.3 
indicates that all nodes are localised accurately with low error. 
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Figure 5.3 Test 3D WSNs: (a) 3D sensor network deployment; (b) Localisation error 
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5.6 Simulation Results 
This section indicates the results of several simulations to test the 3D-PFRL algorithm 
and the software used for the simulations is Matlab. The proposed 3D-PFRL is simulated 
in terms of localisation error when varying a range of system parameters such as number 
of sensor nodes (anchor nodes), DOI and communication radio range. 
5.6.1 Senor Scalable 
Table 5.1 shows “scalable” results for 30 to 300 sensor nodes being localised using the 
proposed 3D-PFRL in random deployment. The locations of all sensor nodes are 
randomly distributed in the 1000*1000*1000m
3
 space with anchor nodes also randomly 
selected. The communication range and the number of anchors vary with the number of 
sensor nodes in the simulation so that they can adjust the sensor network connectivity. 
The system parameters are set to DOI = 0, GPS_error = 0. The communication model is 
in a regular communication model. The results indicate that the 3D-PFRL is scalable and 
the sensor networks can be extended from tens of sensor nodes to hundreds of sensor 
nodes with low localisation error. 
Table 5.1 3D-PFRL scalability 
Sensor 
Nodes 
Anchor 
nodes 
Communication 
range (m) 
Localisation 
Error 
Execution 
Time (s) 
30 
64 
125 
216 
300 
9 
16 
25 
36 
64 
107 
362 
208 
230 
280 
0.027 
0.091 
0.081 
0.039 
0.054 
0.04 
0.20 
0.42 
0.76 
1.09 
5.6.2 Communication range impact 
Table 5.2 indicates the effect of the communication range on the localisation error and the 
performance of 3D-PFRL. The total sensor nodes are fixed to 300 (60 anchor nodes). The 
locations of all sensor nodes are deployed in a random deployment model in 
1000*1000*1000m
3
 space in WSNs with anchor nodes also randomly selected. The 
system parameters are set to DOI = 0, GPS_error = 0. The communication model is in a 
regular communication model. It can be seen as the radius increases generally, the 
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proposed 3D-PFRL performs lower localisation error, however, the execution time 
increases accordingly. An increasing communication radius normally leads to more 
connectivity between anchor nodes and sensor nodes. 
Table 5.2 Communication range impact: nodes = 300, anchors = 60, DOI=0 
Sensor 
nodes 
Anchor 
nodes 
Communication 
Radius (m) 
Localisation 
Error 
Execution 
Time (s) 
300 
300 
300 
300 
300 
300 
60 
60 
60 
60 
60 
60 
120 
230 
350 
440 
560 
650 
0.072 
0.059 
0.011 
0.021 
0.038 
0.064 
0.43 
0.47 
0.52 
0.62 
0.72 
0.83 
5.6.3 DOI factor impact 
Table 5.3 indicates the effect of DOI on the localisation error and performance of the 3D-
PFRL. The total sensor nodes are fixed to 300 (60 anchor nodes) with constant 
communication radius (20m). Sensor nodes and anchor nodes are distributed in randomly 
deployment in 1000*1000*1000m
3
 space in WSNs. The results indicate the increase of DOI 
has negative influence on localisation accuracy. In addition, the execution time is increasing 
as the DOI increases. 
Table 5.3 DOI impact: nodes =300, anchors = 60, radius = 200 
Sensor 
nodes 
Anchor 
nodes 
DOI Localisation 
Error 
Execution 
Time (s) 
300 
300 
300 
300 
300 
300 
60 
60 
60 
60 
60 
60 
0.001 
0.002 
0.003 
0.004 
0.005 
0.006 
0.014 
0.042 
0.092 
0.151 
0.219 
0.290 
0.29 
0.37 
0.41 
0.42 
0.43 
0.45 
5.6.4 Number of anchors impact 
Table 5.4 indicates the influence of number of anchors on the localisation accuracy and the 
performance of 3D-PFRL. The total sensor nodes are fixed to 300. The sensor nodes and 
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anchor nodes are distributed in random deployment model in the 1000*1000*1000m
3
 space 
in WSNs. The system parameters are set to DOI = 0, GPS_error = 0. The communication 
model is in a regular communication model. The results show the localisation accuracy is 
improving as the number of anchors is increasing. This is because more accurate anchor 
nodes are available for localising sensors. More anchors mean fewer sensors to be 
localised so the execution time is reduced. 
Table 5.4 Number of anchors impact: Sensor nodes = 300, radius = 20m 
Sensor 
nodes 
Anchor 
nodes 
Localisation 
Error 
Execution 
Time (s) 
300 
300 
300 
300 
300 
300 
40 
50 
60 
70 
80 
90 
0.071 
0.063 
0.054 
0.051 
0.043 
0.034 
0.67 
0.59 
0.51 
0.38 
0.33 
0.34 
5.6.5 Number of anchors impact with DOI 
Table 5.5 indicates the influence of number of anchor nodes with DOI on the localisation 
accuracy. The total sensor nodes are fixed to 300. Sensor nodes and anchor nodes are 
distributed in random deployment model in the 1000*1000*1000m
3
 space in WSNs. The 
system parameters are set to DOI = 0.01 in the simulation. The communication model is in 
a RIM communication model. The increase in the number of anchors leads to better 
localisation accuracy and algorithm speed in general. However, the impact of DOI does add 
execution time and cause lower localisation accuracy on average in comparison to Table 
5.4. 
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Table 5.5 Number of anchors impact with DOI: sensor nodes = 300, communication radius = 20m, 
DOI = 0.01 
Sensor 
nodes 
Anchor 
Nodes 
Localisation 
Error 
Execution 
Time (s) 
300 
300 
300 
300 
300 
300 
40 
50 
60 
70 
80 
90 
0.087 
0.074 
0. 064 
0. 057 
0.055 
0. 051 
0.81 
0.67 
0.55 
0.40 
0.47 
0.45 
5.7 Different Deployment Model Impact 
In this Section, the proposed 3D-PFRL is simulated under C random deployment model in 
3D WSNs. The impact of C random deployment models on the accuracy of localisation 
estimation is investigated. 
In Figure 5.4, there are 240 sensor nodes and 48 anchor nodes deployed randomly in the 
space of 1000*1000*1000m
3
. The red „*‟s represent anchor nodes; blue‟0‟s represent 
unknown nodes; green „0‟s represent unresolved nodes. The parameters are set to 
GPS_error=0.2; the communication model is a regular model; the communication radius 
is 200m; the communication radius of anchor is 200m; the average connectivity is 8.2833. 
Simulation results show that 192 nodes are localised. The localisation error is 0.0344. 
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Figure 5.4 C random deployment model: (a) 3D sensor network deployment; (b) Localisation error 
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5.8 Comparisons 
This section describes more detailed analyses of the proposed 3D-PFRL and the 
comparison to concentric sphere localisation algorithm (CESE). A set of simulations are 
conducted to cover a number of parameter settings when varying 1) number of anchors 
(NA), 2) radio propagation patterns (DOI) and 3) deployment model. The performance 
metric for comparisons is location error. 
5.8.1 Localisation error when varying anchor percentage 
In this simulation, the impact of the number of anchors (NA) on localisation accuracy is 
presented. There are 300 sensor nodes in total deployed in a 100m*100m*100m space. 
The system parameters are set to GPS_error = 0, DOI = 0, anchor communication radius 
is 20m and the node deployment model is a random deployment model. The impact of 
anchor percentages on localisation error is shown in Figure 5.5. It is shown that as the 
number of anchors increases, the localisation error of both 3D localisation algorithms 
decreases. This is because each target unknown node can hear more information from 
anchor nodes. The localisation error in the case of PFRL is lower comparing to concentric 
sphere localisation algorithm. For example, the 3D-PFRL has over 30% more accurate 
than concentric sphere localisation. 
5.8.2 Localisation error when varying DOI 
In this simulation, the influence of the DOI on localisation error is presented. There are 
300 sensor nodes and 30 anchor nodes deployed in a 100m*100m*100m space. The 
system parameters are set to GPS_error = 0, anchor communication radius is 20m and 
the node deployment model is a random deployment model. The impact of DOI on 
localisation error is shown in Figure 5.6. It is shown that as the number of DOI increases, 
the localisation error of concentric sphere localisation algorithm significantly increases. 
This is because concentric sphere localisation algorithm can only work in a regular 
communication model for ideal environments. However, the 3D-PFRL is not affected by 
the increase of the DOI value and achieves lower localisation error. 
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Figure 5.5 Localisation errors when varying anchor percentage in 3D LWSNs 
 
Figure 5.6 Localisation errors when varying DOI in 3D LWSNs 
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5.8.3 Localisation error under C random deployment model 
In this simulation, the influence of node deployment on localisation error is presented. 
There are 300 sensor nodes and anchor nodes deployed in a 500m*500m*500m space. 
The system parameters are set to GPS_error = 0, DOI = 0, anchor communication radius 
is 20m and the node deployment model is a C random deployment model. The impact of 
anchor percentages under C random deployment model on localisation error is shown in 
Figure 5.7. It is shown that the localisation error of both of the 3D localisation algorithm 
increases comparing the Figure 5.5. In the Figure 5.7, the localisation accuracy can be 
improved by the larger number of anchor nodes. Overall, the localisation error in the case 
of PFRL is lower comparing to concentric sphere localisation algorithm. 
 
Figure 5.7 Localisation errors when varying number of anchors under C random deployment model 
in 3D LWSNs 
5.9 Summary 
The localisation of 3D WSNs has currently attracted extensive researchers‟ interests. The 
three dimensional in topology setup and simulations for localisation in WSNs are 
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unavoidable in most real-life deployment scenarios particularly in disaster scenarios. For 
example, when sensor nodes are scattered on a volcano, physical obstacles may interact 
with the transmission range between anchor nodes and sensor nodes in 3D-WSNs. 
Sensor nodes deployed in 3D scenarios would have lower propagation rates but better 
anchor information package received compared to 2D WSNs. The communication and 
ranging assumptions have been modified from 2D WSNs to 3D WSNs. 
This chapter aims to solve the problem of 3D localisation in WSNs. A three dimensional 
probabilistic fuzzy logic based range-free localisation algorithm (3D-PFRL) is proposed 
which extends the 2D PFRL in 3D space for localisation in WSNs. At first, this chapter 
addresses the characteristics of the localisation algorithm for WSNs in 3D environment. 
Compared to the assumptions and constraints in the 2D WSNs, there are some 
challenging needed to be taken into account. The simulation results in 2D WSNs show 
that an increase number of anchor nodes results in the improvement of sensor network 
connectivity and localisation accuracy. Therefore, the factor of number of anchor nodes 
will be also considered testing the performance of the designed the proposed 3D 
localisation algorithms. 
Simulation results show that the 3D version localisation algorithm performs well when 
varying different system parameters (e.g. number of anchors, DOI, communication radius). 
The 3D localisation algorithm has a low localisation error under C random deployment 
model. The 3D-PFRL has compared with the concentric sphere localisation algorithm 
(CESE) and has better localisation accuracy when varying different system parameters 
such as anchor percentage and DOI. Node density and distribution are also analysed in 
these scenarios. Furthermore, the 3D-PFRL has scalability in the size of sensor network 
and the number of deployed sensor nodes. The high speed sensor nodes localisation and 
simple design will extend the life of sensor nodes especially the anchor nodes. The 3D-
PFRL algorithm does not limited to the special hardware and does not need to consider 
the interaction between individual unknown sensor nodes. It is robust to the varying 
topologies of sensor networks. 
Overall, 3D-PFRL algorithm distinguishes itself from previous work with a combination of 
three features: (1) 3D-PFRL algorithm works for WSNs in both 2D and 3D spaces, 
possibly in the disaster environment (e.g. containing holes or concave regions in the 
deployment); (2) It greatly enhances the estimation accuracy and reduces the 
computational complexity. It can efficiently improve the localisation efficiency and achieve 
high localisation accuracy. It also has scalable in the large size 3D WSNs. It assumes that 
the boundary of sensor node deployment area is not limited (boundary-free). (3) 
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Therefore, it does not consider where the identification of network boundary which 
simplified the design of sensor network in real-world applications. 
  
110 
 
CHAPTER 6  MOBILE LOCALISATIONS IN WIRELESS 
SENSOR NETWORKS IN DISASTER 
SCENARIOS 
 
6.1 Introduction 
In disaster scenarios, sensor networks may sparse and disconnect or sensor nodes may 
fail. Some of the sensor nodes are dynamic so that this can resolve the issues of the lost 
or weak communication pathway in a disaster environment. This is not possible with static 
wireless sensor networks (SWSNs), where the data information obtained from failure or 
disconnected sensor nodes would be missing. Meanwhile, when sink nodes in WSNs are 
not moving, these nodes may lose function because they have to gather all the data 
messages from the normal sensor nodes in the area of interest and forward information to 
the nearby base station. By using mobile sink nodes or moving base stations, this issue 
will be solved, and the lifetime of the WSNs will be extended. This chapter extends the 
proposed PFRL for moving sensor nodes in mobile wireless sensor networks (MWSNs). 
In MWSNs, mobility has capability to enhance the degree of the network connectivity and 
network coverage, for example, The static anchor nodes attached a number of data 
packets could make information congestion when they are transmitting them to sensor 
nodes in SWSNs. These need to be minimised in order to save the battery power of 
sensor nodes. Sensor node mobility has the ability to enlarge the capacity of each 
communication channels. For instance, the number of hops in DV-based localisation 
algorithm would be reduced due to the sensor node moving. In addition, the sensor node 
mobility could maintain the data integrity using multiple communication pathways (e.g. Hu 
and Evans [2004]; Teng et al. [2009]; Amundron and Koutsoukos [2009]). Literature has 
shown that using mobile nodes (e.g. moving sensor nodes or anchor nodes) in SWSNs 
leads better localisation accuracy because of more unknown nodes can obtain beacon 
information received from the moving anchor nodes and each unknown node has more 
chance to hear more of these compared to the fully stationary WSNs. In addition, the 
target unknown nodes can benefit from the anchor nodes placement in MWSNs. 
In previous chapters, the proposed PFRL designed for localising the stationary sensor 
nodes in SWSNs. In this chapter, the categories for moving/dynamic sensor nodes and 
localisation algorithm in MWSNs are provided covering general system architecture and 
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ranging measurements framework. Moreover, the PFRL is enhanced with mobility aiming 
to improve localisation efficiency and accuracy. It is shown that mobile RFRL (m-PFRL) 
can be used in many static localisation problems for achieving the goal. Furthermore, the 
probabilistic fuzzy logic based mobile localisation algorithm (PFML) is proposed. PFML 
can be used to locate the sensor nodes especially when the target unknown nodes and 
anchor nodes are randomly moving. Simulation results indicate the proposed mobile 
localisation algorithms scale very well and achieve high localisation accuracy. 
6.2 Mobile Localisations in Wireless Sensor Networks 
Most existing localisation algorithms are designed for static WSNs. The localisation in 
WSNs algorithms taxonomy is shown in Figure 6.1. Localisation in WSNs can be divided 
into static localisation wireless sensor networks and mobile localisation wireless sensor 
networks. The static wireless sensor networks can be classified into range based 
localisation algorithms (e.g. TDOA and AOA) and range free localisation algorithms (e.g. 
Centroid localisation, Amorphous localisation and DV-hop localisation). Most static 
localisation algorithms (Teng et al. [2009]) depend on the number of anchor nodes which 
are more powerful than the ordinary sensor nodes. Anchor nodes carried their 
coordinates‟ information and are responsible to broadcast them accurately to the ordinary 
sensor nodes. The localisation accuracy would improve as the number of anchor nodes 
increases in SWSNs. However, the cost of anchor nodes would be increasing as well. 
The anchor nodes would become useless after the target sensor nodes have known their 
positions. The mobile wireless sensor networks can be classified into robotic based 
localisation algorithms, Monte Carlo localisation algorithms (MCL) and range-free based 
mobile localisation algorithms. Currently, some researchers have started to investigate in 
the field of mobile localisation for wireless sensor networks (MLWSNs) (Hu [2009]). The 
following sections present the classifications of WSNs in terms of SWSNs and MWSNs. 
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Localisation in Wireless 
Sensor Networks
Localisation in Static 
Wireless Sensor Networks
Localisation in Mobile 
Wireless Sensor Networks
Range-free Localisation Range-based Localisation Robotic Localisation MCL
Range-free Based 
Mobile LocalisationCentroid Amorphase DV-hop APIT RSSI TDOA AOA HMM RF MCB
 
Figure 6.1 The localisation in WSNs algorithms taxonomy 
Localisation of mobile sensor nodes in WSNs (Hu [2009]) has gained researchers‟ much 
attention in current years. However, most existing localisation algorithms are devised for 
the static WSNs. The static localisation algorithms require large amount of neighbouring 
anchor nodes to the target sensor nodes. In MWSNs, the location of mobile sensor nodes 
are frequently changed and the new locations need to be updated which is a challenging 
different from the static sensor nodes in WSNs. In addition, the updates of sensor node 
location information would consume the resources of MWSNs (e.g. the sensor node 
battery) and influence the speed of sensor node localisation. These also need to be taken 
into account in MWSNs. There is also a big issue in the static networks with an obstacle. 
A mobile localisation algorithm is proposed to solve the issues in the static network. 
6.2.1 Robotics based localisation Algorithms 
In order to simplify the sensor node pre-defined deployment mechanisms and the 
additional cost of hardware, researchers (Baggio and Langendoen [2008]; Luo and Zhang 
[2007]; Zeng et al. [2009]) propose to use robotics based localisation algorithms for 
MWSNs. The mobile anchor nodes are assumed as a moving robot or carried by an 
animal, human or moving vehicle. 
Robotics localisation often refers to the determination of the robot‟s position in a map 
learned previously. The position determination is usually based on the robot‟s motion or 
sensor data. If the motion of the robot can be modelled as a Gaussian density with the 
Gaussian initial state distribution, the robot‟s position can be determined by using a 
classical Kalman filter (Morelli et al. [2005]). Grid based Markov localisation has been 
proposed by Fox et al. [1999] [2003] for dealing with non-Gaussian density models. The 
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limitation of this approach is the grid representation can be very time and memory 
consuming, particularly for high solution estimation. 
In-depth studies have been carried out for mobile robot localisation (Hu [2009], Caballero 
et al. [2008]) in robot technology. However, the transplantation of these robot 
technologies to WSNs is difficult since robots are normally equipped with large memory 
devices, powerful processor and advanced controllers. This is fundamental different from 
node localisation. Robots are located within a predefined map while LWSNs work in 
unmapped space or terrain. Besides, a robot‟s movement is very well controlled and it is 
aware of its movement in a predefined map. On the other hand, a sensor node has 
relatively little or no control of its movement, and it has no knowledge of its motion (i.e. 
speed and direction). Furthermore, the precise ranging information can be obtained by a 
robot from landmarks. However, a sensor node can only know whether it is within the 
radio range. Finally, the individual measurements in robot localisation are conditional 
independent and can be integrated by multiplication. 
Hidden Markov Model (HMM) is an extension of Markov model. It deals with systems in 
which the states cannot be observed directly, i.e. the states of the system is hidden. 
Hence, output distributions are used to model the relation between the states and the 
actual observations. In the paper of Arthi and Murugan [2010], the performance of HMM 
is compared with particle filter. The results indicate that for RSS sensors, the propagation 
of location data through multiple hops is more suitable to be modelled with Semi-Markov 
Smooth (SMS) mobility model. The error, energy, control overheads of the network in 
term of node density, time and transmission range are estimated by the SMS model. With 
the exchange of location estimations in multi-hop propagation, the motion of the nodes 
can be predicted efficiently in compare with the Bayes Estimation using particle filtering. 
In their approach, the approximated location and distance of SMS mobility models are 
estimated using HMM. 
Kahn et al [1999] used the RF signal variation received by a standard Ethernet card to 
achieve the accurate LWSNs based on a robotic localisation approach. The limitation of 
their approach is that it only suitable for indoor localisation in fixed environments, i.e. the 
anchor locations are assumed to be fixed. Becides, a learning phase is required in this 
approach. Hence, this approach is not suitable for mobile sensor network applications. 
Sichitiu and Ramadurai [2003] presented an RF-based outdoor localisation algorithm that 
uses a mobile anchor. Their algorithm can be scaled to any unknown node density and 
uses only one mobile anchor. The movement of the anchor node is controlled by an 
unmanned automatic vehicle or aerial or a human operator. The algorithm scales well to 
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any number and density of unknown nodes and uses a single mobile beacon. The mobile 
beacon can be controlled by a human operator, or an automatic unmanned aerial or 
ground vehicle. RFID-based localisation has become a major area of interest in 
ubiquitous computing in the last decade. RFID has been used for identifying and tracking 
static objects such as inventory items or mobile objects such as robots, vehicles, etc. 
Moeeni and Chiang [2013] proposed proximity—based passive RFID model that can 
identify the location of mobile nodes relative to existing anchor nodes. The study explores 
various algorithms for estimating location coordinates. These algorithms are much 
simpler to implement than other techniques such as the tag segregation. 
6.2.2 Monte Carlo based Localisation Algorithms 
Bergamo and Mazzini [2002] investigated the problem of how mobility of nodes will make 
localisation less accurate. Their work makes two assumptions: 1) there‟re two fixed 
location anchor nodes in a network that can transmit throughout the network; 2) signal 
strength can be measured by the nodes accurately. They found that with an increasing 
node speed, errors increase accordingly. 
Hu and Evan [2004] defined an MCL base localisation algorithm. The process of 
localisation is described as follows. First, the time is discrete into intervals. In each time 
interval, one sensor node is relocalised. During the initialisation phase, a set of N 
samples is picked by a sensor randomly.       
    , the next two steps, prediction and 
filtering will repeat. In the prediction step, a new set of samples    is generated by the 
sensor node at time   based on the last sample set     . Given a location     
  from      , 
a random location   
  can be selected from the disk area with the radius of      located 
around     
 .      is the maximum velocity of the node. In the filter phase, the impossible 
node locations   
   are removed from the new sample set    . The position information 
acquired from the one-hop and two-hop anchors is used in the filtering phase. The 
anchors within the one-hop anchor group can be heard by the senor node directly. The 
one-hop anchor group can be heard by the sensor node directly. The one-hop anchors 
are within the radio range   of the sensor node. The anchors within the two-hop anchor 
group cannot be ehard directly by the sensor node but these anchors can be heard by the 
sensor node‟s one-hop neighbour. The two-hop anchor nodes are within the range    but 
not within  . MCL uses negative information for localisation which will improve the 
accuracy in obstacle-free environments. Wang et al. [2007] introduced a localisation 
algorithm which is built upon a Monte Carlo localisation method to locate the position of a 
mobile robot. Hu et al. [2009] devised a Monte Carlo based mobile localisation algorithm 
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which could help the unknown sensor nodes to locate their positions by the prior 
established motion information. This algorithm could make use of the different states of 
the motion node and update the distances between the moving samples and the target 
unknown nodes in order to calculate the weights and filter the samples. 
A distributed Improved Monte Carlo Localisation (IMCL) algorithm is proposed by Shen et 
al. [2010]. In order to improve the localisation accuracy, two constraints are defined for 
sampling. They are the neighbour constraint and the moving direction constraint. The 
possible located regions of target nodes are transferred among the anchor nodes in the 
network. The regions are used to calculate the neighbour constraints. To reduce the cost 
of transferring the region information, a possible region is represented by a sectoring 
scheme. The number of samples can be adjusted to reduce the computational time and 
the memory consumption. IMCL consists of 3 phases: 1) sample selection phase; the 
number of samples is determined according to the location information received from 
anchor nodes. The samples are selected from the possible location set. 2) Neighbour 
constraint exchange phase: each target node publishes its possible region to its 
neighbours. 3) Refinement phase: the impossible samples are discarded based on the 
neighbour constraint and the moving direction constraint to reduce the localisation error. 
Monte-Carlo Localisation Boxed (MCB) (Wang and Zhu [2007]) is developed based on 
MCL. The anchor node locations are constrained by anchor boxes. In the prediction 
phase of MCB, the number of impossible samples is reduced to improve the sampling 
efficiency. However, the localisation accuracy of MCB is not improved compared with 
MCL when having the same amount of samples. Zhu et al. [2013] proposed a Range-
based Monte Carlo Localisation Algorithm (RMCL) that uses RSS to estimate the 
distance between a target node and its one-hop or two-hop neighbours. RSS range is 
used to restrict the sampling area. For example, a target node   has a one-hop anchor 
node  , the distance between   and   can be estimated by          ̂     . It node   has a 
two-hop neighbour  , and a one-hop neighbour   which can hear the node  ,     
     ̂    ̂      ,      and     can be used to restrict the sampling area (deployment 
area). The disadvantage of the algorithm is lack of anchors and sample set. In WSNs with 
low anchor density, there are fewer constraints for each target node. Therefore, the 
localisation accuracy becomes low (on the contrary). If the intersected area of anchor 
constraints is small, the selected samples will have more chance to get close to each 
other. Therefore, a few samples will be enough to locate the possible position of the 
target node. Furthermore, it is hard to find many valid samples within a small area. Many 
samples which are close to each other will cause long computation time and large 
memory consumption. 
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6.2.3 Range free based Mobile Localisation Algorithms 
Apart from the algorithms with the Monte Carlo localisation, there are a few recent range-
free based localisation designed for MWSNs. For example, Chen et al. [2009] put forward 
a statistics based mobile localisation algorithm. They demonstrate that making anchor 
nodes mobile could reduce the number of anchor nodes and could satisfy the localisation 
accuracy especially in resource constraint sensor networks where only a few anchor 
nodes are working. The sensor nodes could hear more localisation information from 
anchor nodes as the anchor nodes are moving. A mobile anchor node could be assumed 
as some static neighbouring anchor nodes to some extent. One concern of mobile sensor 
networks is what kinds of trajectory the mobile anchor nodes follow could have more 
accurate location of sensor node. 
The existing mobile beacon assisted localisation algorithms demand additional equipment 
and sometimes base on localisation algorithms with lower location accuracy. Teng et al. 
[2009] presented adapting mobile beacon assisted localisation algorithm (A-MBL) for 
MWSNs and probabilistic mobile approach based which is a range-free distributed 
algorithm. Compared to basic MBL (mobile beacon assisted localisation), A-MBL could 
improve the efficiency and accuracy of localisation by adjusting the parameters of mobility 
model and the size of sample sets during localisation process. Oliveira et al. [2010] 
proposed an adaptation of receive-based Centroid localisation algorithm to mobile 
networks and improve accuracy. They modified the anchor selection and final position 
estimation of centroid localisation to accommodate node movement. Their algorithm 
improves the selection of anchors and weight their coordinates through the process of 
splitting the original sampling timing into temporal windows and waiting the received data 
without nodes exchanging data with neighbours and accurate clock synchrony. 
Kim et al. [2010] applied classical multidimensional scaling (MDS) with mobile RSS based 
localisation algorithms (MBL-MDS) for MWSNs. The MBL-MDS has been extended to 3D 
WSNs following two rules: a selection rule and a decision rule. The selection rule is used 
in this algorithm to choose enough sets of anchor locations among all received anchor 
location information. The decision rule is employed to determine which the two obtained 
target sensor node locations is the correct actual position, when the two given positions 
are placed in the same plane. The 3D version of MBL-MDS they proposed in 2012 
computes the location of a target sensor node using two received possible sensor nodes 
location of the intersection of three spheres. The sphere is with centres of three anchor 
nodes and making a filter between the two possible nodes with anchor node. 
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The characteristics of state-of-the-art mobile localisation algorithms are summarised and 
compared in Table 6.1. 
Table 6.1 Comparisons of mobile localisation algorithms 
Mobile 
Localisation 
Algorithm 
Centralised 
/Distributed 
2D 
/3D 
Simulator 
Range-free 
/Range-
based 
Network size 
/scalability 
Sensor 
nodes/Communication 
radius (r) 
MBL-MDS  Distributed 3D Matlab Range-free 
1000m*1000m*300m 
scalable 
4 anchors/200 nodes; 
r=600m 
IMCL Distributed 2D - Rang-free - 350 nodes 
Receive-based 
Centroid 
Centralised 
2D 
 
TingOS+ 
nesC 
Range-free 30m*30m 
- 
r=18m 
RMCL Distributed 2D - Range-based 
500m*500m;  
not scalable 
32 anchors/320 nodes; 
r=50m 
A-MBL Distributed 2D C++ Range-free 500m*500m 100 nodes; r=100m 
6.3 Mobility Scenarios in Mobile Wireless Sensor Networks 
There are basically three kinds of mobile scenarios in MWSNs regarding to the situation 
of mobile sensor nodes (e.g. anchor nodes) in LWSN. 
6.3.1 Target nodes are stationary while anchors are dynamic 
In the situation of anchor nodes are moving while the sensor nodes are static, sensor 
nodes are assumed to be dropped from airplane, the anchor nodes are regarded as the 
transmitter attached to the moving people or animal or vehicle. The anchor nodes 
periodically transmit the location information to the neighbouring sensor nodes when they 
are moving (Udgata and Mallikarjun [2008]; Chawla et al [2008]). 
For instance, a single anchor node could be moving based on a predefine mobility model. 
When it is moving to different positions within the communication areas of the target 
unknown node, these positions (new positions or old positions) passed by the moving 
anchor nodes incorporated with moving algorithm could be assumed as the different 
anchor nodes in static WSNs. It is possible to localise the sensor nodes in the 
deployment area using only on moving anchor node. This would reduce the number of 
anchor nodes and the cost of the anchor node (Hu et al. [2009]). 
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6.3.2 Target nodes are dynamic while anchors are stationary 
Sensor nodes would be fixed on a moving vehicle or carried by a rescuer, while the 
anchor nodes are placed on the designate point. The anchor nodes are scattered in the 
disaster area where the anchor nodes are assumed as stationary. Therefore, the 
coordinates information the moving sensor node will receive a catalogue of coordinates 
information from different fixed anchor nodes. The location of the sensor nodes would be 
updated/revised as the time of period passed. The new position information would 
replace the old position information (Wang and Zhu [2008]). 
6.3.3 Both target nodes and anchors are dynamic 
When both the anchor nodes and sensor nodes are moving, this is common situation. 
Sensor nodes could be moving in a pre-defined trajectory or they could be moving in an 
ad hoc way (randomly, freely). Sensor nodes could be dynamic as the environments are 
changing (Hu et al. [2009]). 
6.4 Moving Sensor Localisation Algorithm 
In the static localisation in WSNs, the distances measured between anchor nodes and 
sensor nodes are constant values. However, the distance measurements are varying in 
mobile WSNs due to the sensor moving. The dynamic sensor networks can be assumed 
as a static view at any given time. For example, in the WSNs with static target nodes, 
some moving anchor nodes which can travel based on the pre-defined trajectory can be 
used to localise all the other unknown sensor nodes in the area of interest. It means 
using moving mobile anchors that know their positions are broadly equivalent to using 
many static anchor nodes. The proposed static PFRL is extended for mobile wireless 
sensor networks. The PFRL can be utilised with mobility models to calculate the locations 
of target unknown nodes at the particular period of time with all the sensor networks can 
be taken as a static view. 
Mobility models (Srinivasan et al. [2008]) are studied the characteristics of mobile 
systems such as mobile node position, speed and accelerate constraints in MWSNs. The 
mobility function is sometimes associated with the time and previous system states. In 
MWSNs, sensor nodes are normally moving freely in the area of interest. The sensor 
nodes do not know their velocity and the moving direction. Sometimes, sensor nodes 
could not obtain accurate localisation information (e.g. RSS, distance) from anchor nodes 
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since they are moving. The random waypoint model (RWM) is commonly used mobility 
model in WSNs which makes assumptions of no boundaries in sensor network; sensor 
nodes have maximum velocity and know whether they are within the communication 
range of anchor nodes. The communication model used in RWM is the regular 
communication model. In RWM (Bettstetter et al. [2003]), the sensor node selects random 
destination position and moves on a straight line with a constant speed, stops for some 
time before choosing a new destination. The design of mobility models is to consider the 
possible sensor nodes movement, the trajectory of movement and initial and destination 
position of mobile sensor nodes. Localisation accuracy could be improved due to the 
sensor node movement. 
In the simulations, sensor nodes move following a way that interconnections between the 
nodes change continuously. The pre-defined anchor moving trajectory is critical 
parameter when analysing localisation algorithms for a mobile network. This implies 
running simulations where nodes move in a certain direction, with a given 
speed/accelerate, following a determine pattern. 
The localisation accuracy is low and acceptable when the anchor nodes are moving 
through the entire area of interest which depends upon the chosen of anchor trajectory. 
Each sensor node receives at least three (four in 3D WSNs) non-collinear anchor 
messages. As an example, Figure 6.2 (a), (b) and (c) show the moving sensor nodes 
trajectory and node deployments in 3D WSNs when the system running time is 0.05s, 
0.2s and 0.6s respectively. There are 10 sensor nodes in total (one anchor node). The 
blue „o‟s represent static unknown sensor nodes; the red „o‟ represents initial location of 
the anchor node; the red „*‟ represents the destination location of the anchor node. 
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Figure 6.2 The moving anchor trajectory 
Some simulations are conducted on different data collections, for example, placing a 
number of stationary sensor nodes and mobile sensor nodes or all the sensor nodes 
moving. It is normal that 70-80% of nodes can be localised during the main localisation 
process and take the most of execution time. The time left will be spent for locating the 
remaining sensor nodes that are far away from each other, i.e., nodes placed in sparse 
environments. Some simulations assume that the amount of moving sensors is fixed. The 
moving sensors are tracked within a number of fixed length time intervals. The movement 
of the sensors could be random or according to some predefined trajectories. When the 
movement of a sensor   is random, the sensor node‟s position at time     is calculated 
to be a random step taken values from 0 to the maximum step size. 
6.4.1 Problem formulation 
After deployment, a mobile anchor node broadcasts packets with the anchor information 
of the anchor‟s coordinate and the RSS while travelling in the sensor network. A target 
node that is able to receive packets from a mobile anchor is inferred to be located 
somewhere near to the anchor with a certain probability. The percentage of nodes 
receiving anchor messages could increase when the anchor nodes are moving. Therefore, 
a mobile anchor can be treated as many virtual static anchors. Another problem needs to 
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be considered in localisation with mobile anchor nodes is to find the optimal trajectory of 
an anchor node that maximises the accuracy of location estimation. The main difficulty of 
the localisation of MWSNs is the sensor nodes are not aware of their locations after 
deployment. The trajectory based mobility models have some limitations in MWSNs. 1) an 
unknown sensor node is localised when the anchor trajectory is close to it within the radio 
range. The unknown sensor nodes could observe this from the exchange beacon 
information between each target node and sensor node. The derivation of close range 
measurements, which is the standard calibration data, is much lower than higher ranges. 
Thus, the movement trajectory of the anchor node should be close to as many target 
unknown nodes as possible. 2) when the movement trajectory of an anchor node is close 
to a target node, (e.g. the movement trajectory is a straight line), it still cannot decide the 
target node lies on which side of the line. For example, the moving anchor nodes follow a 
straight line trajectory when passing the beacon information to the unknown sensor nodes. 
However, the placed unknown sensor nodes are on which side of the moving anchor 
nodes is not determined. In order to solve this problem, the sensor nodes need to receive 
non-collinear beacon information. The design of anchor trajectory should follow a 
mechanism that makes all possible positions have at least three non-collinear anchors in 
2D space/four anchors in 3D space. The moving anchor nodes periodically broadcast 
anchor information to sensor nodes and form the moving grid in a time interval. 
6.4 2 The proposed moving sensor localisation 
When the anchor nodes and the sensor nodes in a WSN can move, a probabilistic fuzzy 
logic based mobile localisation algorithm (PFML) is developed for localising sensor nodes. 
In this algorithm, the motion of sensor nodes is assumed as a Markov process (Arthi and 
Murugan [2010]), which means the current position of a sensor node is only determined 
by its position at the last time interval but not any other time interval. When the time is 
divided into time intervals, the position of a sensor node can be modelled as a Markov 
process: 1) initial distribution      ; 2) transition probabilities           ; 3) marginal 
distribution         , where    is the observation of a sensor node about its neighbours in 
time unit  . To compute the position distribution of a sensor node             at the time 
interval  , the distribution is represented with a set of   weighted samples. The following 
equations are defined based on Zhang et al. [2010]. 
  (  |     )     
   
  ̃ 
   
          (6.1) 
where   
   
 is a sample of this distribution and  ̃ 
   
 is its normalised weight (∑  ̃ 
    
     ). 
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The proposed PFML is shown in Figure 6.3. There are three stages in the proposed 
PFML algorithm: 1) Initialisation; 2) Sampling; 3) Filtering. In initialisation stage, a number 
of samples (N) are obtained from the sampling region. In sampling stage, the sample 
nodes are drawn base on the samples obtained in last time interval. Then, fuzzy 
inference based approximate method is employed to calculate the weights of sample 
nodes. In the filtering stage, the samples with their weights value of 0 are filtered out. A 
number of sample nodes are selected from the sample region. These sample nodes and 
their weights are normalised. The location of sensor nodes is in the current time interval. 
The proposed mobile localisation algorithm is based on the following assumptions: 
1) Sensor node deployment:   sensor nodes and m anchor nodes are uniformly placed 
in rectangular deployment area with size  . Anchor nodes are aware of their position 
at any time interval. 
2) Each sensor nodes can interact with their neighbouring sensor nodes within the 
sensing range (the communication radio range area). 
3) All sensor nodes have mobility after sensor node deployment. Sensor nodes have 
known their maximum velocity as     . 
Algorithm: Probabilistic fuzzy logic based mobile localisation (PFML) 
1: Stage 1: Initialisation 
2:     
3: for          
4: Sample   
   
       
5: end 
6:     (  
   
   ⁄ )       
   
   ⁄    
7:     
8:        
9: while        
10: Stage 2: Sampling 
11:        
12: for          
13: Sample   
   
          
   
  
14: Evaluate the weight of   
   
 using fuzzy inference 
15:           
   
  ̃ 
   
   
16: end 
17: Stage 3: Filtering 
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18:   
      
     ̃ 
        
     ̃ 
             ̃ 
       
19:         
  
20: end while 
21:    choose       //choose  valid samples 
22: Normalise the weights of samples in      
   
 
 ̃ 
   
∑  ̃ 
    
   
 
23:      , go to line 8 
Figure 6.3 The proposed mobile localisation algorithm (PFML) 
1) Building the bounding box 
In PFML algorithm, two kinds of coverage region are defined: 1) the sample nodes region; 
2) the valid sample nodes region. The new candidate sample nodes are obtained from 
the sample nodes. The invalid sample nodes are filtered in the valid sample nodes region. 
In order to improve the efficiency in the sampling stage, bounding-box method (Baggio and 
Langendoen [2008]) is employed to re-size the sensor nodes area. It is assume that a 
sensor node has   anchor neighbours. For example, the sensor node lies within the 
communication range of   anchor nodes, a bounding-box                       can be 
calculated as 
           
       ,           
          (6.2) 
           
       ,           
          (6.3) 
where         means the coordinate of the  th anchor neighbour. The sample nodes area 
is redefined by the bounding-box. The samples nodes are then obtained from the refined 
sampling area. 
2) Weighting the samples 
The sample‟s weighs are calculated using Equation 6.4 as follows, 
 ̃ 
   
  (  |  
 )  ∏       
  
   
 
(6.4) 
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where S is a set of anchor neighbours of sensor nodes 
When    ,       
   can be computed as: 
 ( |  
 )    ̃( |  
 )           
      ̃( |  
 )         (6.5) 
where  ̃( |  
 ) is an estimated distance between the sensor node   
  and its neighbour 
node  ,      is the maximum estimation error.  ̃( |  
 ) can be deduced using a fuzzy 
inference engine. 
3) Fuzzy Inference Engine 
The input to the FIE is the RSS received by the sensor node. The output of the FIE is the 
estimated distance between the sensor node and its anchor neighbour. RSS is fuzzified 
by mapping it to five fuzzy sets: VeryLow (VL), Low (L), Medium (M), High (H) and 
VeryHigh (VH). The membership functions of the input fuzzy sets are shown in Figure 6.5. 
The fuzzified RSS is then mapped to five output fuzzy sets according to fuzzy rules: 
 
Figure 6.4 fuzzy rules used in the simulations 
The output fuzzy sets are defined as: VeryNear (VN), Near (N), Medium (M), Far (F) and 
VeryFar(VF). The membership functions of the output fuzzy set are shown in Figure 6.6. 
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Figure 6.5 The membership functions of the input fuzzy sets 
 
Figure 6.6 The membership functions of the output fuzzy sets 
The estimated distance  ̃ is computed using Centre of Gravity (CoG) in defuzzification, 
which converts the fuzzy values to the crisp non-fuzzy values to output. 
When       
 , where     
  is the set of the sensor node‟s estimated anchor neighbour at 
the last time unit,       
   can be computed using: 
      
   
∑   ̃(  
   ̃   )             (  
   ̃   )   ̃(  
   ̃   )                   
     
  
 
(6.6) 
where      is the maximum speed of the sensor node. Figure 6.7 illustrates how the 
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weight of a candidate sample is computed. In this diagram, the candidate samples are 
located within the intersected area of the two annuluses and the disk (the grey area). 
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Figure 6.7 How the weight of a candidate sample is computed 
6.5 Mobile localisation Simulation Results 
It is assumed that the time is discrete in the proposed mobile localisation PFML (Sheu et 
al [2010]). In MWSNs, anchor nodes continuously broadcast anchor information to other 
sensor nodes within the communication radio range. All sensor nodes in the sensor field 
have the same ranging radius and the target unknown nodes are able to receive the 
beacon information within the communication radius (Zhu et al. [2013]). Sensor nodes 
can communicate with each other within the radio ranging. The typical values of the 
system parameters are shown in Table 6.2. 
Anchors already know their locations. In each time slot, anchors broadcast their physical 
locations and the remaining nodes estimate their locations after gathering location 
information from the neighbouring nodes. The maximum moving distance of all sensor 
nodes during one time slot will not exceed the maximum of velocity Vmax (m/s), and the 
communication range of all sensor nodes is fixed by r (m). All sensor nodes normally 
have the same radio range r (m). A target unknown node can hear anchor node within 
radio range r and communicate with the nodes within radio range directly. It means that a 
node can judge whether a node is within radio r and can measure the distance through 
RSS. 
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Table 6.2 Parameters for simulations in mobile WSNs 
Symbol Default value Meaning 
    (m/s) 0.4r Maximum speed 
   10 Average number of nodes within r 
   2 Average number of anchors within r 
   7.8% Ratio of anchor nodes to total nodes 
     (m) 2r Maximum distance between the estimated location and 
actual location 
    0.01 Degree of irregularity 
 
Figure 6.8 shows that there are 300 sensor nodes deployed randomly in the space of 
1000*1000*1000m
3
. The red „*‟s represent anchor nodes; blue‟0‟s represent unknown 
nodes; red „0‟s represent mobile anchors; green „0‟s represent unresolved nodes. The 
parameters are set to t=3s; the velocity is 1m/s; GPS_error=0.2; the communication 
model is a regular model; the communication radius is 200m; the communication radius 
of anchor is 200m; the average connectivity is 2.92; the average number of neighbour 
nodes is 0.69. Simulation results are that 61 nodes are localised. The localisation error is 
0.0114. 
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Figure 6.8 Moving sensors in WSNs: (a) Node Deployment, (b) Topology of WSNs, (c) Localisation 
Error 
6.5.1 Moving sensor performance 
Table 6.3 shows simulation results for the performance of 10% moving sensor nodes in a 
random deployment in 2D WSNs. The total number of the sensor nodes is a range from 
30 to 300. The number of anchor nodes and communication radius are chosen relying on 
the number of sensor nodes being simulated in order to maintain the degree of sensor 
network connectivity. The communication model used in the simulation is a regular 
communication model. The system parameters are set to DOI=0.01, GPS_error=0.1. The 
execution time in the table represent the localisation time for all moving sensor nodes. 
The table indicates that the execution time increases with the number of moving sensor 
nodes in WSNs. 
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Table 6.3 Moving sensor performance: 10% of moving sensors 
Sensor 
nodes 
Moving 
sensors 
Anchor 
nodes 
Communication 
Radius (m) 
Localisation 
error 
Execution 
time (s) 
10 
20 
30 
50 
100 
200 
300 
2 
4 
5 
10 
20 
30 
50 
2 
4 
5 
10 
20 
30 
50 
34 
22 
14 
93 
62 
45 
30 
0.017 
0.021 
0.011 
0.024 
0.018 
0.028 
0.072 
0.011 
0.020 
0.039 
0.045 
0.090 
0.126 
0.283 
6.5.2 Effect of number of moving sensors 
Table 6.4 illustrates the effect of the number of moving sensor nodes on localisation error 
and the performance of the proposed moving localisation algorithms. There are 300 
sensor node and 30 anchor nodes deployed in a random deployment model in 
100m*100m network. The communication model used in the simulation is a regular 
communication model. 
It is expected that localisation error increases as the increase of the number of moving 
sensors due to the dynamic weights the sensor received. The number of anchors is fixed 
to 30 and not used as the moving sensor nodes. Therefore, the more sensor nodes 
moving mean that the sensor nodes would have less available anchor information within 
the communication radio range and the degree of sensor network connectivity would 
become lower. This is due to the more sensor nodes would not receive sufficient anchor 
information and disconnected to the neighbouring sensor nodes because of sensor 
moving. The target sensor node could not obtain at least three anchor nodes location. 
Table 6.4 Effect of number of moving sensors: Anchors = 30, CR = 20m, DOI = 0 
Sensor 
nodes 
Anchor 
nodes 
Moving 
sensors 
Localisation 
Error 
Time (sec) 
300 
300 
300 
300 
300 
300 
30 
30 
30 
30 
30 
30 
1 
5 
10 
20 
30 
40 
0.033 
0.043 
0.053 
0.035 
0.056 
0.057 
0.007 
0.018 
0.030 
0.045 
0.065 
0,121 
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6.6 Impact of Different Deployment Models 
In this Section, the proposed PFML is simulated under various deployment models 
including cube random deployment model, cube regular deployment model, C regular 
deployment model and C random deployment model. The impact of different deployment 
models on the accuracy of localisation estimation is investigated. 
6.6.1 Cube random deployment model 
Figure 6.9 shows there are 240 sensor nodes and 48 anchor nodes deployed randomly in 
the space of 1000*1000*1000m
3
. The red „*‟s represent anchor nodes; blue‟0‟s represent 
unknown nodes; red „0‟s represent mobile anchors; green „0‟s represent unresolved 
nodes; the blue „-„s with the red „0‟ represent the trajectory line of the mobile anchor 
nodes from t-1 to t in the simulations. The green nodes are not resolved when the sensor 
nodes are moving. This is because some sensor nodes could not receive at least three 
anchor nodes information in 2D MWSNs (four anchor nodes information in 3D).The 
parameters are set to t=2s; the velocity is 2m/s; GPS_error=0.2; the communication 
model is a regular model; the communication radius is 200m; the communication radius 
of anchor is 200m; the average connectivity is 6.933. Simulation results are that 192 
nodes are localised. The localisation error is 0.0192. 
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Figure 6.9 Test results in cube random deployment model: (a) Node Deployment, (b) Localisation 
Error 
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Figure 6.10 Test results in cube regular deployment model: (a) Node Deployment, (b) Localisation 
Error 
6.6.2 Regular deployment model 
Figure 6.10 shows there are 216 sensor nodes and 43 anchor nodes deployed randomly 
in the space of 1000*1000*1000m
3
. The red „*‟s represent anchor nodes; blue‟0‟s 
represent unknown nodes; red „0‟s represent mobile anchors; green „0‟s represent 
unresolved nodes; the blue „-„s with the red „0‟ represent the trajectory line of the mobile 
anchor nodes from t-1 to t in the simulations. The parameters are set to t=2s; the velocity 
is 2m/s; GPS_error=0.2; the communication model is a regular model; the communication 
radius is 200m; the communication radius of anchor is 200m; the average connectivity is 
3.1389. Simulation results are that 173 nodes are localised. The localisation error is 
0.0309. 
6.6.3 C regular deployment model 
Figure 6.11 shows there are 201 sensor nodes and 40 anchor nodes placed randomly in 
the space of 1000*1000*1000m
3
. The red „*‟s represent anchor nodes; blue‟0‟s represent 
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unknown nodes; red „0‟s represent mobile anchors; green „0‟s represent unresolved 
nodes; the blue „-„s with the red „0‟ represent the trajectory line of the mobile anchor 
nodes from t-1 to t in the simulations. The parameters are set to t=2s; the velocity is 2m/s; 
GPS_error=0.2; the communication model is a regular model; the communication radius 
is 200m; the communication radius of anchor is 200m; Simulation results are that 161 
nodes are localised. The localisation error is 0.2112. 
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Figure 6.11 Test results C regular deployment model: (a) Node Deployment, (b) Localisation Error 
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Figure 6.12 Test results C random deployment model: (a) Node Deployment, (b) Localisation Error 
6.6.4 C random deployment model 
Figure 6.12 shows there are 300 sensor nodes including 60 anchor nodes generated 
randomly in the space of 1000*1000*1000m
3
. The red „*‟s represent anchor nodes; 
blue‟0‟s represent unknown nodes; red „0‟s represent mobile anchors; green „0‟s 
represent unresolved nodes; the blue „-„s with the red „0‟ represent the trajectory line of 
the mobile anchor nodes from t-1 to t in the simulations. The parameters are set to t=2s; 
the velocity is 2m/s; GPS_error=0.2; the communication model is a regular model; the 
communication radius is 200m; the communication radius of anchor is 200m; the average 
connectivity is 7.267. Simulation results are that 200 nodes are localised. The localisation 
error is 0.354. 
6.7 Comparisons 
In MWSNs, localisation accuracy is largely influenced by the sensor nodes moving due to 
the varying of anchor placement. The received localisation message from the moving 
anchor nodes are calculated at different time. In this section, the comparisons between 
the proposed PFML with three mobile localisation algorithms (namely Monte Carlo 
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localisation algorithm (MCL), Monte Carlo localisation boxed algorithm (MCB) and 
Centroid localisation) are simulated at the previous 50 time steps. The average 
localisation error is used as the performance metric for the comparison. 
6.7.1 Localisation error when varying degree of irregularity 
In this section, 300 sensor nodes (30 anchor nodes) are deployed in a square random 
deployment model in a 500m*500m for 2D WSNs. The radio communication radius (r) is 
set to 20m. The initial maximum velocity of sensor nodes is 0.4r (               ) 
which has been shown in the previous section. The actual radio communication radius is 
selected from a range of 0.6r to 1.4r. The irregularity in the radio communication is 
modelled in the simulation as the DOI communication model. Figure 6.13 demonstrates 
the impact of DOI on localisation accuracy in MCB, MCL, Centroid localisation and PFML 
algorithms in terms of localisation error. In overall, the performance of PFML outperforms 
the other three localisation algorithms. It can be seen that the DOI values have largely 
influence on the localisation error. However, it is observed that PFML is not sensitive to 
the variation of DOI. For example, when DOI=0.01, MCL, MCB and Centroid algorithm 
achieve localisation errors of 0.437, 0.315 and 0.523 respectively. PFML achieves 
localisation errors of 0.331. When DOI is increasing to 0.04, the localisation errors of MCL, 
MCB and Centroid localisation are increasing to 0.489, 0.407 and 0.573 respectively. The 
localisation error of PFML is 0.337. The localisation errors of MCL and MCB increase to 
29% and 11%, respectively. This is because sensor nodes may get incorrect location 
information from neighbouring anchor nodes affected by the irregularity of environments 
and the filtered samples‟ information the sensor nodes received is not from the 
neighbouring anchor nodes. 
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Figure 6.13 The impact of DOI on localisation accuracy in MCB, MCL, Centroid and PFML 
6.7.2 Localisation error when varying number of anchors 
The localisation error of the PFML, MCL, MCB and Centroid localisation when varying the 
number of anchor nodes (anchor percentages) is demonstrated in this simulation. The 
system parameters used in the simulations are set as follows: 300 sensor nodes are 
deployed in a square random deployment model in 2D 500m*500m WSNs. The moving 
anchor nodes are chosen from anchor percentages are from 0.1 to 0.8. The radio range (r) 
is set to 20m. DOI is 0.01. The maximum node velocity is 0.2r. The communication radio 
range of sensor nodes is a range of 0.6r to 1.4r in the simulation. Figure 6.14 
demonstrates the influences of the number of anchor nodes on mobile localisation 
algorithms in term of the localisation accuracy. In the diagram, at the starting of the 
simulation, the target sensor nodes could not have sufficient neighbouring anchor nodes 
and could not receive sufficient accurate samples‟ information. Therefore, four localisation 
algorithms have a larger localisation error. After a time of period, the localisation accuracy 
of Centroid localisation algorithm and dynamic PFRL is improving as the anchor 
percentage is increasing due to the sensor nodes could receive the accurate sample 
information from anchor nodes. 
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Figure 6.14 The impact of anchor proportion on localisation error at DOI = 0.01, for MCB, MCL, 
Centroid and PFML 
The localisation error of MCL and MCB is increasing as the anchor percentage is 
increasing. The number of inaccurate filter samples the sensor nodes received is also 
increasing. Both Centroid localisation algorithm and PFML algorithm have lower 
localisation error as the anchor percentage is increasing. The localisation accuracy of the 
Centroid and PFML is improving since more anchor nodes could be accessed so that 
more accurate localisation information would be obtained by the unknown sensor nodes. 
6.7.3 Maximum node velocity impact on localisation error 
In this simulation, there are 300 sensor nodes (30 anchor nodes) deployed in square 
random deployment model in a 500m*500m for 2D WSNs. The communication radius of 
sensor nodes is 20m and DOI is set to 0.01. The actual radio communication radius is 
randomly selected from      to     . Figure 6.15 shows that the impact of maximum node 
velocity is investigated on the mobile localisation algorithms in terms of localisation 
accuracy. The maximum velocity is 0.5r which is a fast moving speed. It is assumed that 
sensor nodes and anchor nodes have known their maximum velocity when they are 
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moving in MCL and MCB algorithms. Therefore, the maximum velocity can be used as a 
filtering condition and this factor could improve these mobile localisation algorithms‟ 
performance. In addition, when sensor nodes are moving in a high velocity, this means 
they would have more anchor nodes need to be filtered out which would result in the 
updates of each samples at every time. Figure 6.15 indicates the localisation error of 
MCL is decreasing from 0.324 to 0.148 and the localisation error of MCB is decreasing 
from 0.246 to 0.088 as the maximum velocity is increasing. Because of Centroid 
localisation algorithm and dynamic PFRL are not influenced by the maximum velocity, 
they have better performance than MCL and MCB. 
 
Figure 6.15 The impact of Maximum node velocity on localisation error at DOI = 0.01, for MCB, 
MCL, Centroid and PFML 
6.8 Summary 
This chapter is motivated by the interest in localisation algorithms for mobile sensor 
networks deployed in disaster scenarios and the set of analyses obtained from 
simulations of the dynamic version of PFRL localisation techniques for mobile sensor 
networks. PFRL is further developed by applying dynamic weights measurement updates 
among the sensor nodes in a disaster environment. Moreover, a probabilistic fuzzy logic 
based mobile localisation algorithm (PFML) is proposed. Some scenarios assuming 
highly irregular deployments/communications were developed which represent disaster 
environments (e.g. C random deployment model, C regular deployment model and DOI 
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communication model). A set of mobile anchor nodes in the presence of anisotropic 
environments have been implemented with probabilistic fuzzy logic (PFL). PFML 
algorithm simulated in Matlab under various deployment models is carried out and has 
compared with MCL, MCB and Centroid localisation algorithm. Simulation results indicate 
that the PFML scales very well in terms of localisation error when varying a number of 
system parameters (e.g. number of anchor nodes). 
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CHAPTER 7  CONCLUSIONS AND FURTHER WORK 
 
 
This chapter concludes the innovations and contributions from the previous chapters and 
discusses how the aims and objectives of this dissertation are achieved for designing 
accurate and efficient localisation algorithms. In addition, it highlights the important results 
analyses in order to improve the accuracy of localisation algorithms in WSNs for disaster 
recovery and rescuing in built environments. Finally, limitations are discussed on the 
localisation algorithms in WSNs and a variety of other localisation issues outlined for 
further research. 
7.1 Conclusions 
WSNs are networks with a tens or hundreds number of sensor nodes. The sensor nodes 
are low power (both battery and computational) and small-size sensor devices. WSNs 
basically do not require extra fixed infrastructure for operation. As the disaster 
applications are the location critical applications related to the WSNs, knowledge of the 
node locations is extremely significant. Therefore, the localisation or location service 
issue in WSNs has interests the researchers‟ attentions. Most of the early research efforts 
on LWSNs were similar to the work in wireless networks which has low accuracy to 
calculate the position of sensor nodes. Additionally, sometimes the traditional GPS is not 
applicable (Mao and Fidan [2009]) because each sensor node equipped with GPS 
equipment is costly in the large sensor networks. These challenging features would be 
taken into considerate when designing localisation algorithms for WSNs in disaster 
scenarios. Even though researchers have concentrated on designing localisation 
algorithms for low cost and low powered constrained devices for WSNs, other relevant 
issues about efficiency and accuracy of localisation algorithms also need to be addressed 
in particular in disaster applications for recovery and rescuing in built environment. 
The dissertation has addressed the problem of accurate and efficient localisation in 
WSNs concentrating on WSNs applied for disaster applications. There are some issues 
related to the accuracy and efficiency of the localisation in disaster environments. For 
example, disaster scenarios could results to nodes failure which could affect the network 
connectivity and coverage in WSNs. Additionally, inaccurate location information affects 
other network services which depend on location (e.g. network routing or target 
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tracking).The main aim of this research is to develop efficient approachs to the problems 
found in the localisation process, the specific requirements, constraints and factors 
affected in disaster applications. The contributions of the research are that novel 2D/3D 
probabilistic fuzzy logic based range-free localisation algorithms (PFRL) are proposed in 
SWSNs/MWSNs which are compared with existing localisation techniques (DV-hop 
localisation algorithm, Centroid localisation algorithm, Amorphous localisation algorithm 
and APIT localisation algorithm). Mathematical analysis and measurements from 
extensive simulation have verified the performance of the proposed localisation 
algorithms. 
Compared with the existing algorithms, the proposed algorithms have the advantage in 
scalability and also accuracy since the existing algorithms can only be applied to small 
size networks. The proposed 2D PFRL maintains efficiency and in the meantime can be 
used to estimate the accurate location of networks with 300 sensor nodes or above. 
PFRL has been further extended for applying in more general localisation algorithms. The 
dynamic PFRL can be used to estimate the location of moving sensors in real-time and 
the 3D PFRL extends if from 2D to 3D space. PFRL has also been deployed in sparse 
environments which could permit its applications to large sensor networks in disaster 
environments. 
As described in the first chapter, location information is essential in disaster scenarios in 
WSNs. Any information without the associated location of occurrence is basically useless. 
Therefore, the service for the individual sensor nodes in a network to decide its own 
location is critical. The aims and objectives of the dissertation are outlined in Chapter 1. 
Existing localisation algorithms can be classified into range-based and range-free 
localisation algorithms. The applicability of localisation algorithms are studied in disaster 
applications. The advantage and disadvantages of the algorithms are identified under 
different situations. The survey of the classification of localisation algorithms, namely 
range-free/range-based, anchor-based/anchor-free, static/mobile, indoor/outdoor, their 
advantages and shortcomings, etc are detailed in Chapter 2. 
The radio coverage around a sensor node is not always a circle and the signal 
propagation also depends on the environmental factor such as interference or 
obstructions which is significantly affected by the surrounding environments. Different 
communication models and deployment models are developed and analysed in order to 
simulate disaster environments. The environmental factors and constraints are defined by 
varying the systems setting parameters (shown in Chapter 3). 
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Chapter 4 addresses the problem of RSS based range-free localisation algorithms due to 
the environment changes. This chapter demonstrates how Probabilistic fuzzy logic is 
successfully applied into the range-free localisation approach to solve the problems of 
RSS and improve the localisation accuracy for disaster environments. The novel 
probabilistic fuzzy logic based range-free localisation algorithm (PFRL) is proposed using 
edge weights of adjacent anchor nodes. The simulation results show that the proposed 
PFRL algorithm scales well in terms of localisation accuracy when varying the system 
parameters (numbers of anchors, DOI, GPS error) or communication/deployment models 
(logarithmic attenuation model, regular communication model, DOI communication model, 
RIM communication model, C random deployment model, random deployment model, 
square regular deployment model and C regular deployment model). The comparisons to 
the existing 4 typical localisation algorithms (Centroid localisation algorithm, Amorphous 
localisation algorithm, DV-hop localisation algorithm and APIT localisation algorithm) are 
also presented in Chapter 4. The localisation accuracy of the proposed algorithm has 
been improved by over 10%. 
In order to apply the proposed solutions in more general situations, the current framework 
is extended from two-dimensional coordinate system to three dimensional in Chapter 5. 
Furthermore, the proposed 3D PFRL algorithm is simulated with different target and 
anchor sensor nodes distributions. The outcomes show that the algorithm is effective and 
the performance do not depend on specific distribution of nodes. Finally, a further 
problem related to mobile localisation in WSNs is addressed in Chapter 6, the number of 
anchor nodes was reduced and the efficiency of the whole sensor network was improved. 
7.2 Research Impact 
In this section, the results presented in this thesis and their impacts on the development 
of fuzzy logic based range-free localisation for further work for disaster sensor networks. 
The research has developed accurate and robust localisation algorithms for disaster 
sensor networks towards this aim by identifying shortcomings in existing localisation 
algorithms (e.g. range-based/range free; centroid/distributed; static/mobile localisation 
algorithms) at various aspects and attempts to overcome the shortcomings on 
mathematically analytical tools and extensive simulations. So far it is not fully researched 
on probabilistic fuzzy logic based range-free localisation algorithms in WSNs for disaster 
recovery and rescuing in built environments. Localisation process is crucial to network 
application particularly in disaster environments due to the unstructured and dynamic 
features of the environment where the sensor networks are deployed. Environment 
factors are main factors that affect the accuracy of localisation algorithms. 
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The research on range-free localisation algorithms in disaster environment described in 
this thesis aims at a specific kind of localisation technique, referred to as the anchor-
based technique. Different from previous techniques on range-free localisation, this 
research has conducted a mathematical analysis to the problem in detail using practical 
communication models/deployment models (logarithmic attenuation model, regular 
communication model, DOI communication model, RIM communication model, C random 
deployment model, random deployment model, square regular deployment model and C 
regular deployment model) to compare and analyse the typical range-free localisations in 
a disaster simulation environment rather than given a solution directly based on some 
heuristic. The necessary and sufficient conditions on the case of localisation errors 
obtained by this study help understand how range-free algorithms could perform or how 
to improve the range-free localisation algorithms in disaster environments. 
These are useful since the reference scales are provided for the researchers to compare 
the quality of their new algorithms with others‟ in LWSNs. These can also help derive 
taxonomies of localisation algorithms in WSNs. The significant simulations results 
discussions could assist to analyse how the proposed localisation algorithms are 
performed under different system parameters settings such as the number of anchor 
nodes, deployment errors and nodes deployment in terms of localisation 
accuracy/connectivity. These results (which have been published in the paper of Gu et al. 
[2011]) will be helpful for further research to design localisation algorithms for WSNs in 
disaster applications. 
The external factors that influence the localisation accuracy in disaster sensor networks 
are the uneven nodes deployment or irregular radio range. Robustness is one of the 
important characteristics of localisation algorithms applied in a disaster sensor network 
due to the irregular sensor nodes placement or irregular communications in the network. 
In order to solve these problems, a probabilistic fuzzy logic based range-free localisation 
algorithm (PFRL) is proposed in this dissertation. Detailed studies of existing research 
show that there is not much work associated with the direction of probabilistic fuzzy logic 
based localisation algorithms. Extensive testing on the proposed localisation algorithm in 
a realistic scenario has been done in simulations. Discussions and analyses from the 
simulation results would be important so that can undertake comparisons analyses with 
the other existing results and provide further details for improving localisation algorithms. 
This part research is presented in Gu et al. [2012]. 
Fuzzy logic is a natural way to model the RSS uncertainty and localisation error. In the 
paper of Gu et al. [2013], a novel 3D probabilistic fuzzy modelling based range-free 
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localisation algorithm (3D-PFRL) is proposed. In this algorithm, edge weights of adjacent 
anchor nodes are used to develop fuzzy membership functions. According to surveys to 
date, no 3D range-free localisation algorithms have been reported which use a 
probabilistic Mamdani-fuzzy model. The advantage of the fuzzy model is that it can 
approximate the nonlinear problems using fuzzy inference system engine (e.g. fuzzy 
rules). 
In disaster scenarios, dynamic sensors are often used for localisation in WSNs. However, 
most existing localisation algorithms are designed for the static nodes in WSNs. A survey 
of localisation algorithms MWSNs has been conducted in Gu et al. [2013]. 
7.3 Further Work 
This thesis provides solutions to the localisation issues of accurate and efficient location 
discovery in WSNs for disaster recovery and rescuing in built environments. However, 
there are still some limitations and improvements to explore for the further work. This 
section discusses the directions for the future research in this area. 
Firstly, there are trade-offs between localisation accuracy, cost and energy. The ranging 
models/deployment models described in previous chapters influence the calculation of the 
distances/weights between the anchor nodes and sensor nodes which could affect the 
node localisation accuracy. Other characteristics such as total energy and communication 
cost of localisation algorithms need to be evaluated. In addition, energy-saving needs to 
be considered such as some forms of battery typically powers networked sensors. When 
large sensor networks are deployed, they are expected to run unattended for long periods 
of time. Energy-efficient algorithms that conserve the battery could extend the lifetime. 
Secondly, anchor selection issues and related problems (the determination of 
demandable nodes instead of the whole WSNs which need to be located or relocated) 
from LWSNs need to be considered in the further work. Moreover, several key rescuing 
techniques based on WSNs, such as disaster tendency tracking and prediction and 
optimal rescuing path schedule need to be studied in the further work. 
Thirdly, network security is another issue to be considered. Any network application that 
uses a wireless medium inherently assumes a security risk. The traditional encryption 
techniques are not always plausible for the resource-constrained devices. Further effort is 
to be made to ensure that a WSN provides important features such as availability, 
reliability, freshness and also privacy. 
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The proposed localisation algorithms are implemented in the simulation environments for 
the disaster scenarios. The proposed localisation algorithms also need to be tested in the 
challenging real-world sensor networks for disaster applications. In addition, the 
performance of the proposed localisation algorithms in terms of localisation accuracy also 
needs to be analysed when varying different system parameters in the real-world systems. 
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